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Introduction 

The last decades saw the rise of multiple mathematical models which described a respondent’s 

behavior when working on a psychological test. Since these models described the interaction 

of the respondent population and an item population, models of this kind have been named 

item response theory (IRT) models (Embretson & Reise, 2000). An overview given by van der 

Linden and Hambleton (1997a) listed several dozen IRT models, but was still far from 

exhaustive. In Germany, a similar, but less extensive overview was provided by Rost (2004). 

Since the publication of these books, even more IRT models have been described and 

reviewed for their practical applicability. 

In their introductory book to IRT, Embretson and Reise (2000) note that IRT models are 

essential for model-based measurement and describe how a person’s level of a psychological 

trait can be optimally described by the responses given to the items of a psychological test. In 

general, IRT models make strong assumptions on the underlying relationship between 

respondents and items. Psychometricians have recommended to test these assumptions, often 

by the means of statistical and graphical model tests, and to select the model showing the best 

fit to the test data (cf. Rost, 2004; van der Linden & Hambleton, 1997b).  

IRT models have also been used to assess whether a given test meets certain characteristics 

which have been considered as desirable. A well-known example is the one-parameter logistic 

(1PL) model of Rasch (1960), which can be used to describe the relationship between 

respondents and binary items. This model assumes that the probability of a positive response 

of respondent v to item i can be described by the formula:  

 𝑃(+|𝛽𝑖, 𝜃𝑣) =
exp(𝜃𝑣−𝛽𝑖)

1+exp(𝜃𝑣−𝛽𝑖)
     (1) 

In formula (1), 𝜃𝑣 denotes a respondent-specific parameter, which is interpreted as the 

respondent’s ability in many applications of the Rasch model, since the probability of a 

positive response is higher for large values of 𝜃𝑣. 𝛽𝑖 is an item-specific parameter, which is 
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often interpreted as the item’s difficulty. The Rasch model makes four strong assumptions on 

the relationship between the item and respondent population (cf. Fischer, 1974): First, the 

items are regarded to be unidimensional, which means that they measure a single trait. 

Second, it is assumed that the probability of a correct response is solely determined by the 

trait level of the respondent and can get arbitrarily close to 0 or 1. Third, the sum of correct 

responses is a sufficient statistic for the ability of the respondent. The fourth assumption of the 

Rasch model is that the items and respondents can be considered as locally independent, 

which implies that the response of a respondent to an item does not depend on other person-

item-interactions. Fischer (1974) proved that the Rasch model is the only IRT model which 

meets these four assumptions. 

Numerous methods have been suggested to test the assumptions of the Rasch model, 

including graphical (cf. Rost, 2004), parametric (e.g. Andersen, 1973; Glas, 1984) and non-

parametric (Koller & Hatzinger, 2012; Ponocny, 2001) approaches. Suárez-Falcón and Glas 

(2003) reported the results of a simulation study which compared the power and sensitivity of 

some tests for the Rasch model.  

Many IRT models including the Rasch model assume the unidimensionality of the test items, 

and many authors agree that the assessment of the dimensionality of test items is central for 

test development and test evaluation (e.g. Hattie, 1985). As a consequence, multiple 

approaches for dimensionality assessment have been described and suggested. An important 

distinction can be made between exploratory approaches, which aim to determine the number 

of dimensions underlying an item set, and confirmatory approaches, which assume a specific 

number of dimensions (cf. Reckase, 2009).  

Determining the dimensionality of test items influences practical psychological assessments 

as well as the development of psychological theories. Hattie (1985) provided a critical review 

of many early exploratory and confirmatory approaches and generally found most of them 
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unsatisfying. Overviews of specific approaches have been provided by several authors, 

including Baker and Kim (2004), Embretson and Reise (2000), Reckase (2009) and van der 

Linden and Hambleton (1997a). The three studies contained in this doctoral thesis extend the 

findings reported by these authors by investigating new methods of dimensionality assessment 

which were developed for the evaluation and development of psychological tests.  

 

Outline Study I 

Although IRT and factor analytical methods are among the most widely used methods in 

dimensionality assessment, there are other methods which should be described briefly in this 

section. Different approaches for dimensionality assessment have suggested the use of cluster 

analytical methods (e.g. Bartolucci, 2007; Bartolucci, Montanari, & Pandolfi, 2012; Roussos, 

Stout, & Marden, 1998). Reckase (2009) mentions cluster analysis of items as a measure to 

confirm the dimensionality of an item set. In this approach, a similarity measure is defined 

which describes to which extent two items measure the same dimension. A possible similarity 

measure described in the literature is the covariance between two items conditional on the 

respondent’s ability, i.e. the number correct score (cf. Roussos et al., 1998). The criterions to 

determine the dimensionality of a test using cluster analysis are somewhat subjective, and 

different clustering methods may lead to differing results. Moreover, there seems to be no 

definite conclusion in the literature which method leads to optimal results. Reckase (2009) 

thus recommended cluster analysis as an approach to confirm the dimensionality of a test, and 

remarked that cluster analysis may overestimate the number of dimensions underlying a test. 

Van Abswounde, van der Ark and Sijtsma (2004) compared several non-parametric methods 

for dimensionality assessment which were based on cluster analysis. These methods included 

a cluster analytical approach based on Mokken scale analysis (Mokken, 1971; Sijtsma & 

Molenaar, 2002), cluster analytical approaches based on the concept of essential 
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unidimensionality (Stout, 1987, 1990), and cluster analytical approaches based on the 

conditional covariance between items (Roussos et al., 1998). They found that some of the 

non-parametric approaches accurately detected the underlying dimensionality of an item set in 

the presence of multidimensionality. However, these approaches are based on different 

theoretical assumptions when compared to common IRT models like the Rasch model, so the 

clusters built from these procedures do not necessarily show a good fit to the Rasch model or 

comparable models. 

Study I describes a possible application of hierarchical cluster analysis to Rasch measurement. 

In this approach, fit statistics for the Rasch model are used to construct item clusters showing 

a good fit to the Rasch model. The proposed method uses a model fit statistic for the Rasch 

model as a similarity measure in a hierarchical cluster analysis. 

This paper further compares the results obtained from this approach to the results obtained 

from a principal component analysis (PCA) of tetrachoric correlations without applying a 

smoothing algorithm by the means of a simulation study. In this simulation study, datasets 

were simulated which consisted of the responses of a person sample answering to two scales 

each fitting the Rasch model. The simulated datasets differed with respect to the distribution 

of the item and person parameters, the sizes of the person and item sample, and the 

correlations between the person parameters of the two scales. 

In this simulation study, it was found that the proposed algorithm for clustering items more 

often led to a correct reconstruction of the two scales when the item set was small, when the 

person sample was large, when the standard deviation of the person parameters was large 

when compared to the standard deviation of the item parameters, and when the correlation 

between the person parameters was small.   

The application of PCA often led to more correct results when compared to the cluster 

analytical algorithm. However, it was also very often observed that the application of this 
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method was not possible due to the presence of indefinite correlation matrices. This study was 

further examined in study II. Both approaches were further demonstrated by applying them to 

a real dataset of a person sample which worked on the intelligence test battery IBF (Blum, 

Didi, Fay, Maichle, Trost, Wahlen, & Gittler, 2005). 

  

Outline Study II 

An important assumption of the Rasch model described in study I as well as many other IRT 

models is the unidimensionality of the item set. A well-known approach for testing 

unidimensionality includes methods based on exploratory factor analysis (EFA) or PCA. This 

approach aims to determine the number of factors or components underlying a matrix of 

correlations or covariances measured in the analyzed item set. Exploratory and confirmatory 

factor analysis is still a field of active research, and papers describing new approaches are 

constantly published. The approaches used in practical research differ in several central 

aspects, including the method used for factor or component extraction, the method used to 

determine the number of critical factors or components, and the nature of the correlations used 

for analysis.  

Many authors (e.g. Lord & Novick, 1968; Lord, 1980) have already emphasized that the use 

of Pearson correlations in EFA or PCA assumes that the underlying variables stem from an 

interval scale, and should therefore not be used for ordinal variables. A common example for a 

violation of this assumption is the analysis of dichotomous items, which allow only binary 

responses (e.g., correct and incorrect). It is well documented in the literature that the 

application of EFA or PCA based on Pearson correlations leads to misleading results, and 

alternatives have been proposed for this case. An early suggestion was the analysis of 

tetrachoric correlations instead of Pearson correlations (cf. e.g. Lord, 1980).  A major 

advantage of tetrachoric correlations over Pearson correlations is their independence of the 
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relative frequency of the response categories observed in the data, or in other words, their 

independence of the item difficulties. As a consequence, the application of PCA or EFA based 

on tetrachoric correlations has been found to lead to more reliable results than the application 

of a comparable procedure based on Pearson correlation (e.g. Tran & Formann, 2009; Weng 

& Cheng, 2005)  

An open question in the application of tetrachoric correlations in factor-analytical methods is 

the problem that very often the calculation of tetrachoric correlation leads to indefinite 

correlation matrices, i.e. correlation matrices with at least one negative eigen-value. Since it is 

not possible to carry out factor-analytical methods with indefinite correlation matrices, a 

solution to this problem is necessary to make factor analytical methods applicable in case that 

a non-definite correlation matrix is observed in a data set. Possible solutions to this problem 

have been suggested by multiple authors. Tran and Formann (2009) mentioned a paper of 

Knol and Berger (1991) which described smoothing algorithms in order to convert a non-

definite matrix in a positive definite one. Another solution to this problem was suggested by 

Bentler and Yuan (2011).  

Once the factors or components underlying a data set have been calculated, an important 

question concerns the determination of the number of critical dimensions. This topic was 

thoroughly investigated by multiple authors (e.g. Ford, MacCallum, & Tait, 1986; Green, 

1983; Guttman, 1954; Horn, 1965; Humphreys & Montanelli, 1975; Kaiser, 1960; Zwick & 

Velicer, 1986), and a number of different approaches was proposed and evaluated. A 

promising approach which has been recommended by many authors (e.g. Ledesma & Valero-

Mora, 2007; Reckase, 2009) is parallel analysis, which seems to have been proposed first by 

Horn (1965). Parallel analysis consists of two major steps: First, the eigenvalues of the factors 

or components underlying the analyzed dataset are calculated. In a second step, a number of 

datasets which are comparable to the original dataset with respect to the sample size, the 
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number of items and the distribution of the responses, but consist of uncorrelated items, are 

simulated. Based on these simulated datasets, the distribution of eigenvalues under the 

condition that there is no relationship between the items is simulated. Once this distribution is 

determined, the number of dimensions underlying the dataset is determined by comparing the 

eigenvalues observed in the dataset and the distribution of eigenvalues under the condition 

that there is no relationship between the items.  

Although parallel analysis is no exact mathematical procedure, it has been found to determine 

the correct number of dimensions under many conditions. Many improvements on the original 

approach described by Horn (1965) have been suggested (e.g. Glorfeld, 1995; Green, Levy, 

Thompson, Lu, & Lo, 2012), which lead to improved results under specific conditions when 

compared to Horn’s method. 

Besides parallel analysis, several other procedures have been suggested to determine the 

number of dimensions in factor analysis, which will not be reviewed here in detail. 

Alternatives to parallel analysis include the MAP criterion by Velicer (1976), the scree test 

criterion (Cattell, 1966), the eigenvalue-greater-than-one criterion (Kaiser, 1960), and the 

Bartlett test (Bartlett, 1950, 1951). Comparisons of these methods showed that under many 

conditions, parallel analysis leads to the most accurate results (Zwick & Velicer, 1986). 

Study II examined the problem of indefinite correlation matrices in the application of a PCA 

of tetrachoric correlations by the means of a simulation study. Parallel analysis was used to 

determine the dimensionality of a dataset. 

In this simulation study, responses of a person sample working on an item set consisting of 

two scales which fitted the two-parameter logistic test model of Birnbaum (1968) were 

simulated. The simulated datasets varied with respect to the size of the item set, the person 

sample, the distribution of the item and person parameters, the correlation between the person 

parameters in the simulated scales, and the smoothing algorithm which was applied when a 
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non-definite correlation matrix was obtained. Under each condition, 1000 datasets were 

simulated. In each dataset, dimensionality was assessed by applying a parallel analysis and 

PCA of tetrachoric correlation matrices. 

It was found that indefinite tetrachoric correlation matrix are most often observed in datasets 

with large item sets, small person samples, and large discrimination parameters of the scales. 

Large correlations between the person parameters more often led to incorrect identifications 

of the dimensionality. In this study, also minor differences between the results obtained by 

applying the different smoothing algorithms were observed. 

In summary, study II proposed and evaluated three smoothing algorithm which can be applied 

if indefinite correlation matrices are observed in the application of parallel analysis and PCA 

to tetrachoric correlation matrices. It was found that this procedure of dimensionality 

assessment often leads to correct results under the conditions simulated in this study. 

However, it should be noted that in this simulation study, no conditions were simulated which 

violated the assumptions underlying the tetrachoric correlation coefficient (e.g. the presence 

of guessing). 

 

Outline Study III 

While the first two studies investigated methods for testing the unidimensionality of an item 

set, the third study used a modern modeling approach, which also assumes the 

unidimensionality of an item set, to test a specific hypothesis on gender differences in mental 

rotation tasks. Study III thus exemplifies the application of a modern confirmatory IRT 

approach to test specific hypotheses on the cognitive processes measured by a psychological 

test. 

There is a wide consensus in the literature that there are gender differences in some spatial 

abilities, although these differences depend on the specific test. In their meta-analysis of 



 

13 

 

gender differences in spatial abilities, Linn and Petersen (1985) examined three types of 

spatial ability tests, which they named spatial perception, mental rotation and spatial 

visualization. They found gender differences in all three task types, with mental rotation 

showing the largest gender differences with effect sizes of .73 over all examined age groups. 

For spatial perception tests, an effect size of .44 was found, while for spatial visualization 

tasks, an effect size of .13 was reported. 

Halpern (2011) reported multiple studies which provided evidence for gender differences in 

the three types of spatial ability tests described by Linn and Petersen (1985). She also listed 

several studies which reported gender differences in spatiotemporal ability tests (e.g. 

Contreras, Rubio, Pena, Colom, & Santacreu, 2007; Law, Pellegrino, & Hunt, 1993) and 

visual imagery tests (e.g. Dror & Kosslyn, 1994).  

Voyer (2011) assumed that gender differences in spatial ability and more specifically in 

mental rotation tasks are related to the presence of time limits. His hypothesis was based on 

previous studies of Goldstein, Haldane and Mitchell (1990), who found in two experiments 

that women work slowly and cautiously on mental rotation tasks when compared with men. It 

should be noted that these results could not always be reproduced (Masters, 1998). Goldstein 

et al. (1990) suggested that the often reported gender differences in favor of males are caused 

by gender differences in the processing speed of male and female respondents when working 

on mental rotation tasks. In a meta-analysis Voyer (2011) examined the presence of gender 

differences in mental rotation tasks under various time limits. He found gender differences in 

favor of males over under all time limit conditions. Voyer also reported that these gender 

differences grew larger in the presence of short time limits, however, they were not removed 

when no time limits were present, which contradicted the prediction of Goldstein et al. (1990). 
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Study III investigates the presence of gender differences in mental rotation processing speed 

by applying a new item response model, which examines the unidimensionality of the 

responses and also the item response times.  

This approach was first described by van der Linden (2007) and uses an explicit model for 

response behavior and working times; the work of van der Linden and colleagues (van der 

Linden, 2006, 2007, 2009; Klein Entink, Fox & van der Linden, 2009) mainly elaborated the 

psychometric theory for describing the response behavior of binary items. In this approach, 

three levels of psychometric models are described. On the first level, two psychometric 

models are defined, of which the first describes the response behavior with regard to the given 

answer. Two typical choices are the one- and two-parameter normal ogive models, which are 

closely related to the Rasch model used in study I and the two-parameter logistic model of 

Birnbaum (1968) described in study II (Embretson & Reise, 2000). 

The two-parameter normal ogive (2PNO) model defines a person parameter 𝜃𝑖 which marks 

ability of person i to answer items correctly. The model further defines two item parameters 

for each item k which define the respective item’s difficulty 𝑏𝑘 and discrimination 𝑎𝑘. This 

model contains the one-parameter normal ogive model as a special case, in which the 

discrimination parameter is regarded as equal for all items, and which is closely related to the 

Rasch model (Rasch, 1960; cf. Embretson & Reise, 2000). In the 2PNO model, the 

probability that person i answers item k correctly is given by: 

𝑃(+|𝜃𝑖, 𝑎𝑘 , 𝑏𝑘) =  (𝑎𝑘𝜃𝑖 + 𝑏𝑘)    (2) 

In this formula,  () denotes the cumulative function of the standard normal distribution.  

 The second model on the first level of this modeling approach describes the response times 

during the test. Van der Linden (2007, 2009) suggested using the one- or two-parameter log-

normal (2PLNO) model for describing the response times. As in the 2PNO model, two item 

parameters are defined for each item that describe the respective item’s time intensity and 
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time discrimination. For each person i, a speed parameter is defined. This model contains the 

one-parameter log-normal model as a special case, in which the time discrimination parameter 

is set to a fixed value. 

In the 2PLNO model, the log response time Tik of a person i working on item k is given by: 

 𝑖𝑘 =   𝑘 𝑖 +  𝑘 +  𝑖𝑘      (3) 

In this formula, ζi denotes the respondent’s speed, ϕk denotes an item’s time intensity and  ϕk 

an item’s time discrimination. εik is a residual-term which is assumed to be normal distributed 

with an item-specific variance. 

On the second level of response time modeling, the interaction between the measured item 

and person parameters is investigated. On this level, two variance-covariance matrices are 

defined, of which the first matrix describes the variances and covariances of the item 

parameters of the response and response time models. The second matrix describes the 

corresponding variances and covariances for the person parameters. The approach of van der 

Linden thus does not assume the person and item person to be independent, but it assumes a 

linear relationship between each pair of item parameters as well as between the two person 

parameters used for describing the responses and response times. 

On the third and highest level, the relationship between the observed item and person 

parameters and covariates for the item and person parameters is described. Similar to models 

like the linear logistic test model (LLTM) of Fischer (1995; cf. De Boeck & Wilson, 2004), 

the item and person covariates are assumed to explain the observed item and person 

parameters. Goldhammer and Klein Entink (2011) presented a study which has successfully 

applied this approach to model item difficulty and time intensity in a reasoning test. 

Study III applied this method to the datasets of two person samples working on two different 

mental rotation tasks, i.e. a cube comparison task and an endless loop task. It is shown that in 

both datasets, gender differences in the responses but not in the response times were observed. 
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This study thus provided further evidence that the well-known gender differences in mental 

rotation tasks can not be attributed to gender differences in mental rotation speed. 

Furthermore, a negative correlation between speed and ability was observed, which is in line 

with results reported by Goldhammer and Klein Entink (2011). 

 

General Discussion  

This doctoral thesis contains three papers which examined different aspects of dimensionality 

assessment in test development and test evaluation. The first and second paper described 

several methods to assess the dimensionality of an item set, while the third paper described 

recently developed methods to model responses and response times of psychological tests and 

applied them to investigate gender differences in mental rotation processing speed. 

Based on the results presented in these papers, a number of conclusions can be drawn. A first 

research question concerns the comparison of the two methods of dimensionality assessment 

presented in the first two papers. The first paper presented an approach which assessed the 

dimensionality of an item set by clustering items, and compared it to the results of a PCA of 

tetrachoric correlations in a simulation study. One of the major results of this first paper was 

that the PCA could often not be applied, since the corresponding correlation matrix was not 

positive-definite. The second paper examined three possible solutions to this problem and 

compared them based on a simulation study.  

When compared to the PCA of smoothed tetrachoric correlation matrices, the cluster 

analytical approach presented in the first study seemed less sensitive to violations of 

unidimensionality. Since this approach is based on a step-wise decision to measure the 

dimensionality of an item set, it also capitalizes on chance to some degree, which may lead to 

more incorrect decisions in larger item sets. This conclusion is in line with the observed 

results for larger item sets. However, the cluster analytical approach has several major 
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advantages when compared to a PCA of tetrachoric correlations. First, it does not assume that 

a specific model underlies the item set, but searches for clusters of items which fit a specific 

model (i.e., the Rasch model) well. Under this perspective, the cluster analytical approach 

seems to be more general. The PCA of smoothed tetrachoric correlations, on the other hand, is 

based on explicit model assumptions which concern the whole item set, and may not be 

appropriate if these assumptions are violated. However, if these assumptions are met, a PCA 

of tetrachoric correlations seems more appropriate to assess the dimensionality of an item set 

based on the results of study I and II.  

The approaches discussed in the first two studies can also be regarded as approaches for 

testing specific assumptions of the Rasch model (Rasch, 1960) and the two-parameter logistic 

test model of Birnbaum (1968). The cluster analytical approach presented in the first study 

aimed at constructing item cluster which showed a good fit to the Rasch model. If this 

approach is applied to an item set fitting the Rasch model, it is to be expected that the 

application of cluster analytical method presented in the first paper to this item set leads to an 

item cluster containing all items of the initial item set. The PCA of smoothed tetrachoric 

correlation matrices, which is discussed in the second paper, can be used to test the 

unidimensionality of an item set, which is a common assumption of many IRT model, 

including the Rasch model and the two-parameter logistic test model. However, both 

approaches are restricted to the analysis of binary items, and future work could examine 

possible extensions of both approaches to other item types.  

Since the Rasch and Birnbaum models are closely related to the one- and two-parameter 

normal ogive models (cf. Embretson & Reise, 2000), the approaches presented in the first two 

papers are related to the modeling approach of van der Linden (2006), which is used in the 

third paper. In contrast to study I and study II, study III does not report the results of a 
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simulation study, but demonstrates the application of a recent psychometric modeling 

approach in the analysis of the cognitive processes measured by specific ability tasks.  

On its first level, this modeling approach consists of two models for the responses and 

response times. The response model is very similar to the two-parameter logistic model of 

Birnbaum, so the methods presented in the first two papers may be used to test assumptions of 

van der Linden’s response model. The response time model is a characteristic feature of this 

modeling approach, which marks an important difference to traditional IRT models like the 

Rasch model. The application of this modeling approach can be used for testing psychological 

theories, as was exemplified by the third paper of this thesis. 

As study III shows, the modeling of responses and response times in two mental rotation tasks 

led to several conclusions on the cognitive processes underlying mental rotation. First, it was 

observed that gender differences in untimed mental rotation tasks can not be explained by 

gender differences in mental rotation processing speed, as it was hypothesized by Goldstein et 

al. (1990). Second, it was observed that processing speed and ability are negatively correlated 

in both mental rotation tasks. Although similar results have been reported for other untimed 

ability tests (e.g. Goldhammer & Klein Entink, 2011), this result led to interesting conclusions 

on the role of speed-accuracy tradeoff in mental rotation tasks, which were discussed in study 

III. 

The modeling approach of van der Linden (2006) is still a field of active research, and future 

research may lead to additional tests of model fit for this modeling approach. It appears that 

no statistical test has been described yet in the literature which allows testing the equivalence 

of this modeling approach’s item parameters over several groups (Klein Entink, personal 

communication). This drawback leads to a possible limitation for the third study in this paper, 

since a difference of the item parameter estimations between males and females could affect 

the interpretation of observed differences in the speed and ability parameters between males 
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and females. However, a separate estimation of the item parameters for males and females led 

to comparable results for almost all items of both tests examined in study III, so the 

differences of the item parameters between males and females were considered as negligible; 

this line of reasoning is comparable to that of the well-known graphical model test for the 

Rasch model (cf. Rost, 2004). This finding further confirms the theoretical implications of 

study III on the gender differences in mental rotation processing speed and mental rotation 

processing ability. Nevertheless, future work may improve on this approach. 

In the first and third study, methods of dimensionality assessment have been applied to real 

data sets of intelligence tests. In the first paper, these data consisted of a person sample who 

worked on an intelligence test battery, which contained a version of a cube comparison task 

which was presented with a time limit. In the third paper, both a cube comparison task and an 

endless loop task were presented without time limit to two separate respondent samples 

(although in the used version of the cube comparison task, testing was quitted as soon as a 

time limit of 30 minutes had been reached and the last item presented to the respondent had 

been answered). The results reported in both papers demonstrate that cube comparison tasks 

of this type show a good fit to the Rasch model, which is in line with results reported in 

previous studies (e.g. Gittler, 1984, 1986, 1990, 1992; Tanzer, Gittler & Ellis, 1995). 

Overall, the methods presented in this doctoral thesis may help to assess the dimensionality of 

responses and, if the modeling approach of van der Linden is applied, response times in 

psychological and educational tests. Their application may thus be of use in the evaluation of 

psychological tests and for the development of psychological theories. 

 

Conclusions 

The studies contained in this doctoral thesis evaluated several methods for dimensionality 

assessment in psychometric test evaluation. Study I described and evaluated an algorithm for 
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item clustering based on model fit statistics for the Rasch model. This algorithm makes no 

explicit assumptions on the analyzed item set and may serve as a screening procedure in 

dimensionality assessment when no assumptions regarding the dimensionality of the analyzed 

item set can be made. In a simulation study, the reported algorithm was found to lead to lead 

more often to correct results if the sample of respondents was large and the analyzed item set 

was small. The results were also found to be dependent on properties of the item subsets 

which fitted the Rasch model well, like the correlations between the person parameters. 

However, it was also reported in the first study that under certain conditions, the application 

of PA and PCA of tetrachoric correlations led to more correct results than the cluster 

analytical algorithm. Study II thus further examined the problem of indefinite tetrachoric 

correlation matrices, which was observed in study I. It described and evaluated three different 

smoothing algorithms which could make PA and PCA applicable if indefinite correlation 

matrices were observed. In study II, the proposed PCA of smoothed tetrachoric correlation 

matrices was found to be a valid assessment procedure for the dimensionality of an item set 

under many conditions. 

Study III exemplified a new approach for assessing unidimensionality of responses and 

response times. By applying an approach developed by van der Linden and colleagues (van 

der Linden, 2006, 2007, 2009; Klein Entink, Fox & van der Linden, 2009) the presence of 

gender differences in mental rotation processing speed in two mental rotation tasks was 

investigated. This modeling approach is closely related to the psychometric models used in 

study I and II. It was found that the observed gender differences in mental rotation ability can  

not be attributed to gender differences in mental rotation processing speed. 
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Running head: GENDER DIFFERENCES IN MENTAL ROTATION SPEED 

 

 

Abstract 

There is a wide consensus in the literature that gender differences can be observed in tasks 

measuring mental rotation ability. A possible explanation of this finding is the presence of 

gender differences in the processing speed of mental rotation tasks. In two studies, we 

investigated the dimensionality and the presence of gender differences in mental rotation 

processing speed in two mental rotation tasks. By applying a joint modeling approach for 

responses and response times, we found that, in both tasks, mental rotation ability and mental 

rotation processing speed can be regarded as unidimensional constructs. We replicated 

previous findings that gender differences in mental rotation ability can be observed in both 

tasks, although we could not find gender differences in mental rotation processing speed. Our 

results thus indicate that the observed gender differences in mental rotation ability cannot be 

explained by gender differences in mental rotation processing speed. 

 

Keywords: Mental Rotation Ability, Mental Rotation Speed, IRT model, Gender Differences 
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1. Introduction 

Spatial abilities constitute an important component in current models of human intelligence 

(cf. Carroll, 1993; Johnson & Bouchard, 2005; McGrew, 2005). Studies on gender differences 

in human intelligence indicate that spatial ability measures exhibit considerable gender 

differences in favor of male subjects. Meta-analytic studies show that gender difference is 

particularly pronounced in case of three-dimensional mental rotation tasks (e.g., Linn & 

Petersen, 1985; Voyer, Voyer, & Bryden, 1995). Although there is evidence that the observed 

gender difference in favor of male subjects is stable across cohorts (cf. Masters & Sanders, 

1993; Voyer et al., 1995), age (cf. Linn & Petersen, 1985), and culture (Silverman, Choi & 

Peters, 2007), there is evidence that the magnitude of the gender difference varies with item 

design characteristics (cf. Arendasy & Sommer, 2010) and general design characteristics such 

as time limit. Numerous explanations have been proposed to account for the observed male 

superiority in three-dimensional mental rotation performance (for an overview: Halpern, 

2000). Some models attributed gender differences in mental rotation tasks to gender 

differences in working speed. This explanation is based on findings, which indicate that 

gender differences in favor of male subjects decrease in effect size once time limits had been 

removed from the test (cf. Goldstein, Haldane & Mitchell, 1990). Although this finding has 

not usually been consistently replicated (e.g., Masters, 1998), a recent meta-analysis 

conducted by Voyer (2011) indicate that gender differences in paper-pencil mental rotation 

tasks indeed decrease in size when the psychometric measures were administered without 

time limits. This finding could be due to at least two different reasons: (1) the removal of time 

limits may allow female respondents that are not well trained in this population to utilize 

effective mental rotation strategies (cf. Arendasy, Sommer, Hergovich, & Feldhammer, 2011; 

Arendasy, Sommer, & Gittler, 2010), or (2) the observed reduction of the gender difference in 

the untimed administration condition could be due to a ceiling effect in the male population 
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(Voyer, 2011). Because none of these previous studies assessed mental rotation processing 

speed, it is hard to differentiate between these two explanations. With the model by Goldstein 

et al. (1990) as basis, one would expect that gender differences in mental rotation processing 

speed are either more pronounced or of the same magnitude than gender differences in mental 

rotation accuracy. Furthermore, accuracy and processing speed in solving three-dimensional 

mental rotation tasks should be at least moderately correlated. By contrast, if the reduced 

effect size of the gender difference in three-dimensional mental rotation performance is 

mainly attributable to a ceiling effect in the male population in case of untimed mental 

rotation tasks, one would expect either no or small effect sizes of the gender differences in 

mental rotation processing speed, whereas observed gender differences in mental rotation 

accuracy should be large in magnitude compared with the processing speed measure.  

 

1.1. Formulation of the Problem 

In this article, we want to evaluate these two conflicting hypotheses using an item response 

theory model that enables the simultaneous estimation of accuracy and processing speed 

parameters (Klein Entink, Fox & van der Linden, 2009). Another advantage of this 

psychometric approach is the possibility of simultaneously evaluating the dimensionality of 

accuracy and processing speed measures of mental rotation performance, which have been 

debated in the literature for some time because of the possibility of solving mental rotation 

tasks using different solution strategies. We investigated this problem in two separate studies, 

which used different mental rotation tasks.  
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2. Method 

2.1. A Multivariate Multilevel Approach for Modeling Speed and Ability 

In the literature, multiple approaches for modeling speed have been described (for an 

overview of early approaches, see van der Linden & Hambleton, 1997). This study chose an 

approach that has been originally proposed by Klein Entink, Fox et al. (2009). To 

simultaneously model speed and ability, this approach defines a multivariate multilevel 

approach for modeling responses and response times under a Bayesian framework. Under this 

framework, prior distributions for each model parameter are assumed, which reflect the 

researcher’s beliefs on each parameter’s distribution before data are collected. After data have 

been collected, the prior distributions are updated based on the data and Bayes’ theorem, 

resulting in a posterior distribution for each model parameter, which can be used for making 

inferences. For an introduction to Bayesian item response theory, see Fox (2010).  

On the first level of this approach, two separate models for responses and response times are 

defined. The model for responses is the two-parameter normal ogive model, which defines a 

person parameter i, which marks the ability of person i to answer items correctly. The model 

further defines two item parameters for each item k, which define the respective item’s 

difficulty bk and discrimination ak. This model contains the one-parameter normal ogive 

model as a special case, in which the discrimination parameter is regarded as fixed for all 

items and which is closely related to the Rasch model (Rasch, 1960; cf. Embretson & Reise, 

2000). In the two-parameter normal ogive model, the probability that person i answers item k 

correctly is given by the following: 

)(),,( kikkki babaP       (1) 

In this formula, ()  denotes the cumulative function of the standard normal distribution. The 

response times are described by the two-parameter log-normal model. As in the two-

parameter normal ogive model, two item parameters are defined for each item that describes 
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the respective item’s time intensity and time discrimination. For each person i, a speed 

parameter is defined. This model contains the one-parameter log-normal model as a special 

case, in which the time discrimination parameter is set to a fixed value. 

In the two-parameter log-normal model, the log response time Tik of a person i working on 

item k is given by the following: 

ikkikikT        (2) 

In formula (2), i denotes the respondent’s speed,k denotes an item’s time intensity, and k is 

an item’s time discrimination. ik is a residual term, which is assumed to be normally 

distributed with an item-specific variance. 

Following Goldhammer and Klein Entink (2011), the approach of Klein Entink et al. (2009) 

assumes that the speed and ability of a person can be regarded as fixed as long as a person is 

working on the test and that the responses and response times are independent and conditional 

on the respective person parameter. 

On the second level, the approach of Klein Entink et al. (2009) defines additional models for 

the person and item parameters of the first level models. These second-level models define 

joint distributions for the person and item parameters of the first-level models. For the person 

parameters defining ability and speed, a bivariate normal distribution is defined as a common 

prior distribution:  

    pe   ,,      (3) 

In formula (3),  ep follows a bivariate normal distribution with mean 0. 

This second level model provides information on the variance of speed and ability in the 

investigated population and on the correlation between them. As Klein Entink, et al. (2009) 

noted, it can be extended to include person level covariates that may explain some of the 

variance of the person parameters.   
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For the item parameters describing difficulty, discrimination, time intensity, and time 

discrimination, an analogous model, which uses a multivariate normal distribution as prior 

distribution, is defined. This second-level model provides information on the variance of all 

item parameters and the dependencies between them. 

 

2.2. Model Selection and Estimation  

Under the presented Bayesian framework, several criteria have been proposed for model 

selection, one of them being the Deviance Information Criterion (DIC) (Spiegelhalter, Best, 

Carlin, van der Linde, 2002; see also Fox, 2010; Gelman, Carlin, Stern & Ruben, 2004). This 

criterion combines a term measuring the deviance of a model with a term measuring its 

complexity. It has been already used in a number of studies for model selection (e.g., 

Goldhammer & Klein Entink, 2010). 

In our study, we estimated all model parameters using a Gibbs sampling approach, which has 

been implemented in the software package cirt (Klein Entink, 2011) for the statistical software 

R (R core development team, 2011). This approach is based on the principal idea of 

simulating the multivariate posterior distribution of all model parameters. The distribution of 

values drawn from the Gibbs sampler converges to the posterior distribution; therefore, 

convergence has to be tested. Values, which were drawn before convergence was reached, are 

denoted as burn-in phase and usually not used for further analysis. Based on the drawn values, 

the mean of the posterior distribution (EAP) and the highest posterior density (HPD) intervals 

can be calculated. HPD intervals are the smallest intervals that contain a given percentage 

(e.g., 95%) of the values of the posterior distribution and can be used to test the statistical 

significance of model parameters. 
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2.3. Model testing 

The fit of the response models was assessed in two steps and based on methods described by 

Sinharay and colleagues (Sinharay, 2005; Sinharay, Johnson & Stern, 2006). First, the 

assumption of local independence of the items was tested using the odds ratio statistic. The 

principal idea underlying this model test is to compare the frequencies of identical responses 

(0-0 or 1-1) with those of differing responses (0-1 or 1-0) by calculating these frequencies’ 

ratio for each item pair. If an item response model assuming local independence fits the data 

well, it should accurately describe the observed ratio of these frequencies. If the model’s 

prediction differs significantly from the observed data, this result indicates the presence of 

dependencies between certain items. 

In a second step, the frequency of observed score distribution is compared with the score 

distribution predicted by the model as an overall measure of model fit. The principal idea 

underlying this model test goes back to Hambleton and Han (2004) and Ferrando and 

Lorenzo-seva (2001). A severe discrepancy between the observed and predicted score 

distribution indicates a misfit of the model to the data. 

The fit of the item response time model was measured using a graphical model test, which 

compared the distribution of the response times predicted by the model with the observed 

response time distributions for each item. The values predicted by the model are plotted 

against their observed values. For each item, perfect model fit would be indicated by a linear 

plot. 

 

2.4. Investigation of gender differences in mental rotation ability and speed 

The original model for the responses and response times was further expanded to contain 

gender as a distinct person covariate Gi (which took the value 0 for the male population and 1 
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for the female population) and used to measure the influence of gender on speed and ability 

by a linear regression model: 

oiii eG  0100      (4) 

iii eG 11110        (5) 

In this model, e is a residual term, which is assumed to be normally distributed. The gender 

effect on speed or ability is considered to be insignificant if the respective HPD intervals for 

01 or 11 do not contain 0. 

3. Study I 

Participants. A sample of 208 respondents completed a computer-based test battery including 

a computerized cube comparison task. After excluding 9 respondents who did not show 

instruction-conforming test behavior, the final sample consisted of 108 female subjects and 91 

male subjects aged 17 to 63 years (mean = 37.29, SD = 11.71). Nineteen of the respondents 

have completed 9 years of schooling but without vocational training, and 72 of the 

respondents have completed vocational training. Eighty-nine of the respondents graduated 

from high school and are qualified for an entrance in a university, and 19 of the respondents 

had an academic degree. 

 

Measure. Mental rotation was measured by means of a cube comparison task. The mental 

rotation test consisted of k = 17 items. The task of the respondent was to compare a reference 

cube with a set of six comparison cubes. The respondents were asked to indicate the 

comparison cube, which merely differs from the reference cube in terms of its orientation. To 

rule out response elimination strategies, Gittler (1990) also included the response alternative 

“none of the comparison cubes are identical to the reference cube.” Previous studies using this 

item set indicate the item set measures as unidimensional latent trait and that measurement 

invariance across age, gender, and educational level can be assumed because of the fit of the 
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1PL Rasch model and the invariance of the 1PL item difficulty parameters across these 

subpopulations (cf. Gittler, 1990; Tanzer et al., 1995). Furthermore, these studies also showed 

that item design features hypothesized to affect the processing demands of mental rotation 

tasks account for the estimated 1PL item difficulty parameters as indicated by the good fit of 

the linear logistic test model (LLTM; Fischer, 1995). Further evidence on the construct 

validity of this measure has been obtained in several exploratory and confirmatory factor 

analytic studies, which jointly indicate that items of this type load on the same factor as 

mental rotation tasks similar to the Vandenberg and Kuse (1978) test (cf. Arendasy, 2000; 

Arendasy, Hergovich & Sommer, 2008; Arendasy et al., 2011). 

 

General Results. In a first step, two models were fitted, which used the one-parameter 

normal ogive model for describing responses and the one- or two-parameter log-normal 

model for describing response times. For fitting each model, 10.000 iterations using a Gibbs 

sampler were used, of which, 1.000 iterations were used as burn-in phase. The convergence of 

the iterations was tested using the convergence diagnostics of Geweke (1992) and 

Heidelberger and Welch (1983).  

We compared the DIC values of the two models using the one- and two-parameter log-normal 

model, respectively, for describing the response times and the one-parameter normal-ogive 

model for describing the responses. We found a lower DIC value for the model containing the 

two-parameter log-normal model and, therefore, used this model for our further analysis.  

The fit of the one-parameter normal-ogive model to the observed responses was tested with 

the two approaches described in section 2.3. In two item pairs, we observed significant 

posterior p-values of the odds ratio statistic, which lie below 0.025 or above 0.975. Overall, 

the assumption of local independence did not seem to be violated. By comparing the observed 
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and predicted score distributions, only for two sum scores, significant deviations could be 

observed. In summary, we found that the one-parameter normal ogive model fits the data well. 

 The fit of the response time model was measured using the procedure described in 

section 2.3. The results of this analysis are presented in Figure 1 for 12 selected items. For 

each item, perfect model fit would be indicated by a straight line going from the lower left 

corner of the plot to the upper right corner, which would indicate a perfect correlation 

between observed and predicted response times. As can be seen, all items fitted the item 

response model well. 

[Insert Figure 1] 

 

The variances and covariances for the item and person parameters are displayed in Table 1. 

There is a remarkable negative correlation between speed and ability, indicating that more 

proficient respondents tend to work slower on the test items. The values of the ability and 

speed parameters of all respondents are displayed in Figure 2. Only small correlations are 

observed between the difficulty, the time discrimination, and the time intensity parameters. 

[Insert Table 1] 

[Insert Figure 2] 

 

Gender Differences in the Cube Comparison Task. We measured the effects of gender on 

speed and ability using the procedure described in section 2.4. The estimations of the 

standardized effects are displayed as EAP values in Table 2. We further tested the significance 

of the observed gender differences by calculating a 95% HPD interval for the measured 

coefficient. The results of this analysis suggest that there is a significant gender difference in 

the ability level of the mental rotation task but not in the working speed. 

[Insert Table 2] 
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Discussion. Our analysis of the data of the cube comparison task provides evidence that both 

response and response time can be described well in our modeling framework, which is based 

on the work of van der Linden (2006) and Klein Entink, Fox et al. (2009). It follows from our 

findings that in the used mental rotation task, both speed and ability can be considered as 

unidimensional constructs. This finding is an important prerequisite to compare the speed and 

ability of male and female subjects in the cube comparison task. We found a strong negative 

correlation between speed and ability in our sample. This finding is in line with similar 

findings reported in the literature for other ability tasks (e.g., Goldhammer & Klein Entink, 

2011).  

As expected, we found significant gender differences in the performance in the cube 

comparison task but no gender differences in the mental rotation processing speed, suggesting 

that female subjects do not use more time-consuming strategies if no time limit is given for 

working on the task.  

 

4. Study II 

Participants. A sample of 245 respondents completed k = 13 items, which were based on the 

endless loop paradigm, which will be described below. Seven participants were excluded 

from our analysis because they showed a bad test performance combined with short response 

times. In the final sample, there were 125 (51.43%) female subjects and 119 (48.57%) male 

subjects aged 18 to 64 years (mean 29.5 years, standard deviation 10.8). Seven of the 

respondents have completed 9 years of schooling but no vocational training, and 30 of the 

respondents have completed vocational training. One hundred fifty-two of the respondents 

graduated from high school and are thus qualified for entrance in a university, and 56 of the 

respondents had an academic degree. 
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Measure. This study investigates the response time and responses in an item set based on the 

endless loop paradigm, which has been already described in a line of studies (Arendasy, 2000, 

2005; Arendasy & Sommer, 2010; Arendasy, Sommer & Gittler, 2010; Gittler & Arendasy, 

2003). Its basic design is comparable to those of classical mental rotation tasks such as those 

described by Shepard and Metzler (1971). In this task, a closed and convoluted tube is 

presented in two different positions to the respondent. For each tube, the respondent has to 

decide under which viewing angle the second position equals the first. Arendasy (2005), 

Arendasy and Sommer (2010), and Gittler and Arendasy (2003) described a row of studies, 

which investigated the psychometric properties of this task and led to the definition of a set of 

rules for the definition of new items. The results of these authors suggest that item sets, which 

were constructed according to this rationale showed a good fit to the 1PL Rasch model and 

invariance of the 1PL item difficulty parameters across age, gender, and educational level. 

Earlier work by Arendasy (2000) further suggests that the ability measured by this task is 

highly related to mental rotation ability as assessed by similar tasks. Arendasy and Sommer 

(2010) further provided evidence that the 1PL difficulty parameters in items of this type are 

determined by item design features, which have been hypothesized to affect the cognitive 

processes of mental rotation tasks. 

 

General Results. As in the first study, we first fitted two different models to the data. Both 

models used the one-parameter normal ogive model for describing the responses. The first 

model described the response times with the one-parameter log-normal model, whereas the 

second model used the two-parameter log-normal model. Again, we did not investigate the fit 

of any model, which used the two-parameter normal ogive model for describing the responses 

because we expected the one-parameter normal ogive model to fit the data well. For fitting 
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each model, 10.000 iterations of a Gibbs sampler were used, of which, 5.000 iterations were 

used as burn-in phase. The convergence of the iterations was tested again using the 

convergence diagnostics of Geweke (1992) and Heidelberger and Welch (1983). We found 

that the model, which used the two-parameter log-normal model for describing the response 

times, showed a lower DIC value and selected this model for our further analysis. 

We found the item response model to fit the data well. In all item pairs, we observed 

insignificant posterior p-values of the odds ratio statistic between 0.025 and 0.975. Our results 

indicate that the assumption of local independence was not violated. In a second step, we 

compared the frequency of observed sum scores with the frequency expected under the 

model. For no sum scores, significant deviations could be observed.  

The fit of the two-parameter log-normal model to the data was assessed following the 

posterior predictive assessment described in section 1.6. The results of this analysis are 

presented in Figure 3 for all 15 items. In summary, the model for the response times fits the 

data well. 

[Insert Figure 3] 

 

The variances and covariances for the item and person parameters are displayed in Table 3. 

There is a remarkable negative correlation between speed and ability, indicating that more 

proficient respondents tend to work slower on the test items. The values of the ability and 

speed parameters of all respondents are displayed in Figure 4. Only small correlations are 

observed between the difficulty, the time discrimination, and the time intensity parameters. 

[Insert Table 3] 

[Insert Figure 4] 
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Gender Differences in the Endless Loop Task. The estimations of the standardized effects 

are displayed as EAP values in Table 4. We further tested the significance of the observed 

gender differences by calculating a 95% HPD interval for the measured coefficient. The 

results of this analysis suggest that there is a significant gender difference in the ability level 

of the mental rotation task but not in the working speed. 

[Insert Table 4] 

 

Discussion. Our analysis of the data of the endless loop task suggests that our chosen 

modeling framework (Klein Entink, Fox et al., 2009), which models the responses with the 

one-parameter normal ogive model and the response times with the two-parameter log-normal 

model, describes the observed data well. Again, it follows from this finding that speed and 

ability can be regarded as unidimensional constructs, which is a prerequisite for interpreting 

any observed gender differences in them.  

As was the case in the cube comparison task, we found significant gender differences in the 

performance in the endless loop task but no gender differences in the mental rotation 

processing speed. These results suggest that female subjects do not use more time-consuming 

solution strategies in solving the endless loop tasks and, thus, contradict the predictions we 

made based on the model of Goldstein et al. (1990).  

 

5. General Discussion 

Our study investigated the relation between mental rotation processing speed and mental 

rotation ability as well as the presence of gender differences in both traits. Our principal 

research question concerned the presence of gender differences in mental rotation processing 

speed. We investigated this question in two studies, which used two different item types for 

assessing mental rotation ability, the first being a cube comparison task based on the rationale 
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of Gittler (1990; cf. Arendasy et al., 2011) and the second being an endless loop task 

(Arendasy, 2005; Arendasy & Sommer, 2010; Gittler & Arendasy, 2003). Both tasks measure 

similar but not identical facets of mental rotation (cf. Arendasy, Hergovich & Sommer, 2008).  

Voyer (2011) found in a recent meta-analysis that the well-known gender differences in 

mental rotation ability are diminished in paper-pencil tests when no time limit is imposed. He 

explained this result by possible ceiling effects in male subjects. The earlier model of 

Goldstein et al. (1990) explained the gender differences in mental rotation ability by 

differences in mental rotation processing speed but without directly modeling mental rotation 

processing speed.   

By applying a modeling approach described by Klein Entink, Fox et al. (2009), we showed 

that mental rotation processing speed can be regarded as a unidimensional measure in both 

investigated mental rotation tests. As expected, we found significant gender differences in 

mental rotation ability in both mental rotation tasks but no significant gender differences in 

mental rotation processing speed. Our results thus indicate that the observed gender 

differences in mental rotation ability cannot be explained by gender differences in mental 

rotation processing speed, as was predicted in the model of Goldstein et al. (1990).   

A second major finding of our study was the observed negative correlation between mental 

rotation processing speed and mental rotation ability. Similar results have been already 

reported for figural reasoning tasks (Klein Entink, Kuhn, Hornke, & Fox, 2009; Goldhammer 

& Klein Entink, 2011) as well as quantitative and scientific reasoning tasks (Klein Entink, 

Fox et al., 2009). The present study extends these findings to mental rotation tasks, which 

were presented without time limits. Our findings cannot necessarily be generalized to visual 

ability tests, which are presented with time constraints. Future studies will have to investigate 

if the modeling approach used in our study can be applied to tests of this type. A discussion of 
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speed-accuracy tradeoff in spatial ability tests with limited stimulus presentation times was 

provided by Lohman (1986). 

For the observed negative correlations, multiple explanations have been offered in previous 

studies. Klein Entink, Kuhn et al. (2009) pointed out that test takers who care more about their 

results take more time to complete a test. Goldhammer and Klein Entink (2011) explained the 

negative correlations of reasoning tasks by the necessity to monitor and validate decisions 

while working on the task. A similar explanation may apply to our findings because several 

writers suggested that a conformational stadium is part of the cognitive processes involved in 

solving mental rotation tasks (e.g., Arendasy & Sommer, 2010; Just & Carpenter, 1985). A 

respondent who chooses to work fast but not very accurately may achieve a higher speed 

parameter but a lower ability parameter than a respondent with comparable cognitive abilities 

who decides to work accurately. A recent description of this speed-accuracy trade-off (Luce, 

1986) in the context of educational measurement has been provided by van der Linden (2009). 
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Table 1. EAP values for the components of the person and item parameter covariance 

matrices in the cube comparison task 

Component  EAP Correlation 

Person Parameters 2

  1.00 - 

 
  -0.32 -0.65 

 2

  0.24 - 

Item Parameters 2

b  0.84 - 

 
 b

 0.13 0.17 

 
 b  0.08 0.11 

 2

  0.67 - 

 
  0.07 0.11 

 2

  0.64 - 
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Table 2. Estimated standardized effects of gender on mental rotation ability and speed in 

the cube comparison task 

 
EAP 

95% 

HPD 

Effect on 

Ability 
-0.30 

[-0.59;  

-0.01] 

Effect on 

Speed 
0.07 

[-0.08; 

0.23] 
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Table 3. EAP values for the components of the person and item parameter covariance 

matrices in the endless loop task 

Component  EAP Correlation 

Person Parameters 2

  1.00 - 

 
  -0.05 -0.35 

 2

  0.02 - 

Item Parameters 2

b  1.32 - 

 
 b

 0.28 0.13 

 
 b  0.15 0.13 

 2

  3.33 - 

 
  0.78 0.42 

 2

  1.05 - 
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Table 4. Estimated standardized effects of gender on mental rotation ability and speed in 

the endless loop task. 

 
EAP 

95% 

HPD 

Effect on 

Ability 
-0.40 

[-0.68;  

-0.13] 

Effect on 

Speed 
0.03 

[-0.01; 

0.08] 
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Figure 1. Cumulative probability plots for 12 selected items of the cube comparison task  
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Figure 2. Estimated speed and ability parameters for the analyzed sample working on the 

cube comparison task. 
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Figure 3. Cumulative probability plots for 13 items of the endless loop task  
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Figure 4. Estimated speed and ability parameters for the analyzed sample working on the 

endless loop task. 
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Abstract 

This doctoral thesis describes and evaluates different methods of dimensionality assessment in 

psychological test evaluation and development. It consists of three studies, of which the first 

two investigate exploratory procedures to determine the dimensionality of an item set. The 

first study examined an approach for clustering items in Rasch measurement. The purpose of 

the examined algorithm is to find item clusters which show a good fit to the Rasch model 

while excluding items which show model violations. This approach was evaluated by the 

means of a simulation study, which compared the results of this algorithm with the results 

obtained from the application of a principal component analysis of tetrachoric correlations. It 

was found that the examined algorithm leads to practically usable results, especially for the 

analysis of data from large person samples.  

The second study investigated the principal component analysis of smoothed tetrachoric 

correlation matrices as a measure of dimensionality, again by the means of a simulation study. 

By comparing the results of several smoothing algorithms, it was found that the application of 

smoothing algorithms to the principal component analysis of tetrachoric correlations led to 

improved results in the assessment of dimensionality under multiple conditions.  

The third study exemplified a confirmatory approach for modeling responses and response 

times by applying it to two types of mental rotation tasks. This study investigated the 

hypothesis that the well-known gender differences in mental rotation ability are caused by 

gender differences in mental rotation speed. After modeling both speed and ability, it was 

found for both task types that gender differences could only be observed for mental rotation 

ability, but not for mental rotation processing speed. Furthermore, a negative correlation 

between speed and ability could be observed in both mental rotation tasks, which was in line 

with results obtained for other ability tests.   
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Zusammenfassung 

Die vorliegende Arbeit beschreibt und beurteilt verschiedene Methoden zur Erfassung der 

Anzahl zugrundeliegender Dimensionen in der Bewertung und Entwicklung psychologischer 

Testverfahren. Sie umfasst drei Studien, von denen die ersten beiden exploratorische 

Verfahren zur Beurteilung der Dimensionalität einer Aufgabengruppe untersuchen. Die erste 

Studie untersuchte einen Algorithmus zur Gruppierung von Aufgaben im Kontext des Rasch-

Modells. Das Ziel des untersuchten Algorithmus besteht im Finden von Aufgabengruppen, die 

eine gute Passung auf das Rasch-Modell zeigen, und dem Ausschließen von Aufgaben, 

welche Modellverletzungen zeigen. Dieser Ansatz wurde mit Hilfe einer Simulationsstudie 

untersucht, welche die Resultate dieses Algorithmus mit denen einer 

Hauptkomponentenanalyse tetrachorischer Korrelationen verglich. Es zeigte sich, dass der 

untersuchte Algorithmus zu praktisch verwertbaren Ergebnissen führt, insbesondere wenn 

Daten von großen Personenstichproben untersucht werden. 

Die zweite Studie untersuchte die Hauptkomponentenanalyse geglätteter tetrachorischer 

Korrelationsmatrizen als Maß für die Dimensionalität, wieder durch Anwendung einer 

Simulationsstudie. Indem die Ergebnisse verschiedener Glättungsalgorithmen verglichen 

wurden, zeigte sich, dass die Anwendung von Glättungsalgorithmen unter zahlreichen 

Bedingungen zu verbesserten Ergebnissen in der Messung der Dimensionalität führte. 

Die dritte Studie veranschaulichte einen konfirmatorischen Ansatz zur Modellierung von 

Antworten und Antwortzeiten durch dessen Anwendung auf zwei Aufgabentypen zur 

Erfassung mentaler Rotation. Diese Studie prüfte die Hypothese, dass die allgemein 

bekannten Geschlechtsunterschiede in der Fähigkeit zur mentalen Rotation durch 

Geschlechtsunterschiede in der Verarbeitungsgeschwindigkeit mentaler Rotationsaufgaben 

verursacht werden. Nachdem Fähigkeit und Verarbeitungsgeschwindigkeit modelliert wurden, 

zeigte sich, dass bei beiden Aufgabentypen nur Unterschiede in der Fähigkeit zur mentalen 

Rotation gefunden werden konnten, nicht jedoch in der entsprechenden 
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Verarbeitungsgeschwindigkeit. Zudem wurde eine negative Korrelation zwischen 

Verarbeitungsgeschwindigkeit und Fähigkeit gefunden, was mit den Ergebnissen, welche für 

andere Fähigkeitstests gefunden wurde, übereinstimmt. 
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