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ABSTRACT 
 
            It is easy to imagine that humans have always noticed the differences between 
themselves and others and perhaps even speculated about the origins of these differences.   The 
study of individual differences as a formal field encompasses variations in intelligence and 
personality as well as other dimensions. 

Studies of the neural basis of individual differences are by their nature correlational.  Two 
approaches that have proven fruitful in the investigation of intelligence and personality are the 
examination of relations between traits and performance on timed elementary cognitive tasks as 
well as between traits and structural features of the brain.  This literature has shown that high 
intelligence is related to faster and less variable performance in reaction time tasks and other 
tasks requiring temporal processing, as well as larger volumes of neural tissue in widespread 
cortical areas.  The personality trait Neuroticism has, similar to low intelligence, been related to 
more variable performance in reaction time tasks.  Finally, personality differences have been 
related to neural structural differences as well, in regions involved in social and emotional 
processing. 

  The overall aim of this thesis was to further investigate the neural underpinnings of 
intelligence and personality, in particular the relations of these variables to the accuracy of 
timing and neuroanatomy.  A main question investigated in Study I was whether a relation 
between intelligence and temporal variability is also seen in a simple, automatic timing task. 
We studied performance variability on a simple finger tapping task, isochronous serial interval 
production (ISIP). As predicted, we found a negative correlation between intelligence and ISIP 
variability. Furthermore, this relation was strongest for Local interval-to-interval variability 
using tapping intervals in the range 500-1000 ms, and there was no difference in the strength of 
the correlation between more and less variable trials.  These findings support a bottom-up 
model of the relation between timing variability and intelligence, where temporal variability of 
neural activity plays a functional role for cognition.  

In Study II we investigated whether ISIP variability and intelligence also share 
neuroanatomical correlates. Regional white and gray matter volumes were quantified using 
voxel based morphometry (VBM) from structural MR images. A main finding was that both 
low ISIP variability and high intelligence are related to larger white matter volume in 
overlapping prefrontal brain regions. This provides further support for a functional relation 
between temporal variability and cognitive ability, and suggests that these variables may have 
common neural substrates in the frontal lobe.  

In Study III we investigated the relation between ISIP variability and Neuroticism. A main 
question was whether Neuroticism is related to a different component of temporal variability 
than intelligence, since these traits are essentially uncorrelated. A positive relation between 
Neuroticism and ISIP variability was found and, unlike the correlation with intelligence, this 
relation was strongest for non-Local variability, i.e. Drift. This suggests that while intelligence 
and Neuroticism are both related to variability, the underlying mechanisms of these relations 
may differ. 

In the final study (Study IV) we examined relations between personality and neuroanatomy, 
using VBM. We found that Extraversion is negatively related to regional brain volume in 
cortical gray matter regions known to be involved in the behavioral inhibition and social-
emotional processing, as well as to global white matter volume.  
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1 BACKGROUND AND INTRODUCTION 
 
1.1 BACKGROUND 

1.1.1 The inspiration for this thesis – timing and musicians 

The inspiration for this thesis came from work that our group has previously done on 
both timing and neural plasticity in musicians (Bengtsson et al, 2005).  It is known that 
the brains of musicians have been shaped by the extensive practice that they 
accumulate during their lifetimes (often the musicians in our studies have accumulated 
upwards of 30,000 hours of practice).  In addition to our study showing more highly 
structured white matter in the pyramidal tract of musicians, studies by others have 
demonstrated increases in both cortical (Sluming et al., 2002; Schneider et al., 2002; 
Gaser et al., 2003; Hutchinson et al., 2003) and sub-cortical (Schlaug et al., 1995; 
Özturk et al., 2002; Lee et al., 2003; Han et al., 2008) areas in musicians as compared 
with non-musician controls.  Several of the studies listed above have then been able to 
relate the anatomical differences seen in musicians to better performance (Sluming et 
al., 2002; Schneider et al., 2002) and/or amount of training (Schlaug et al., 1995; 
Sluming et al., 2002; Schneider et al., 2002; Bengtsson et al., 2005).  In short, there is 
substantial evidence to establish that the brains of musicians are different from the 
brains of non-musicians and that these differences are related to increased function and 
moderated by the amount of training performed. 
 
In fact, the amount of time spent practicing is particularly important for the attainment 
of musicianship and other forms of expertise as well.  Anders Ericsson, one of the 
leading researchers in the field of expertise claims that the minimum amount of practice 
required to attain expertise in a particular domain is around 10,000 hours, or ten years 
of effortful practice (Ericsson et al., 1993).  In addition, he has demonstrated that 
amount of practice accrued is the best single predictor of expertise (Ericsson, 1993).  
Some experts like Ericsson claim that practice is all that separates an expert from a non-
expert.  However a recent study by Ruthsatz and colleagues suggests that becoming an 
expert, at least in the musical domain, takes more than just practice (Ruthsatz et al., 
2008).  In her study, higher-level musicians not only had the highest amounts of 
practice, but also higher levels of general intelligence (as measured by Raven’s SPM) 
and the highest amount of musical ability (as measured by Gordon’s Advanced 
Measures of Musical Audiation) and, level of general intelligence was able to predict 
level of expertise over and above the amount of time the person had spent practicing.   
 
It’s not too hard to imagine that musical experts may, in addition, benefit from certain 
personality characteristics which help them to keep motivated during long hours of 
training, often by themselves.  Other factors contributing to musical expertise could 
include supportive environmental factors such as an encouraging teacher, inspirational 
role model, parents that are musicians themselves, and/or a socio-economic status that 
would make music lessons attainable.   
 
It was while pondering larger questions about the qualities it takes to become a musical 
expert and how that expertise in turn can affect the musician that we came across an 
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interesting new finding in the field of psychometrics.  Numerous studies have shown a 
relationship between intelligence and millisecond variability in timed behaviors like the 
simple and choice reaction time tasks (Deary, 2000; Jensen, 2006).  However a few 
recent studies had extended this finding demonstrating that the portion of intelligence 
explained by reaction time task variability predominantly represented variance also 
explained by temporal discrimination tasks (Rammsayer & Brandler, 2004; Hembold et 
al., 2007; Rammsayer & Brandler, 2007).   
 
The introduction of a new type of task in the investigation of the underpinnings of 
intelligence was intriguing but the tasks used in the above studies (temporal 
discrimination, etc.) included a cognitive component (required an active judgment or 
assessment) thereby making it difficult to say whether the correlations with intelligence 
that were observed originated primarily from bottom-up or top-down driven processes.  
We wondered if we could clarify the types of processes involved by using a timing task 
in which 1) temporal variability was largely the result of automatic processes that are 
inaccessible to conscious control and 2) in which it is possible to separate the variance 
into more than one type, which likely have different control mechanisms.  
  
It just so happened that the results obtained from our work with a control population 
proved so interesting that they became the focus of this thesis.   An important next step 
will be to investigate how the findings described in the present thesis are modulated by 
long-term training of rhythmic tasks, i.e. to repeat the key experiments in musicians.  
This thesis however, is an investigation of individual differences using the timing task 
mentioned above and voxel-based morphometry in a non-musician control group. 
 
 
1.2 INTRODUCTION - INDIVIDUAL DIFFERENCES 

1.2.1 Definition  

Although it is easy to imagine that humans have always noticed the differences 
between themselves and others and perhaps even speculated about the origins of these 
differences, the study of individual differences as a formal field is generally attributed 
to ideas and research dating from the middle to the end of the 19th century.  It was at 
that time that Sir Francis Galton (1822 – 1911), became inspired by his cousin Charles 
Darwin to begin thinking about the origins of human diversity (Carroll, 1993).  In 
addition to setting up systematic studies (using questionnaires and standardized 
normative values for the first time) of the cognitive, psychological and physical traits of 
eminent English families, college students and lay people, he is credited with being the 
first person to apply statistical methods to the study of individual differences, inventing 
them if they did not exist (Bulmer, 2003).  In fact, Galton is credited with the discovery 
of essential statistical concepts such as correlation, standard deviation and multiple 
regression, concepts useful for the study of groups as well as two or more dimensions 
of ID within a single individual (Bulmer, 2003).  Galton’s monumental contributions to 
the fields of intelligence and personality are particularly impressive, not the least 
because some of his original estimates regarding the heritability of intelligence are 
currently still valid.  
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Individual Differences Psychology today can be defined as the identification and 
investigation of dimensions which apply to all individuals but on which individuals 
differ - this field is sometimes called Differential Psychology (Maltby et al, 2007).  
Currently, research in this area can be clustered into four major constellations of study:   
cognitive abilities, personality, social attitudes, and interests (vocational and otherwise), 
although the domains of cognitive ability and personality are thus far the two largest  
(Bouchard & McGue, 2003).   
 
Of interest in this field are the upper and lower boundaries of a particular dimension’s 
“normal” or functional range, as well as the underlying causes or sources of differences 
and the consequences of one’s placement in a particular dimension.  For example, how 
introverted can a person be without being considered pathologically asocial?  What is 
responsible for one person being more introverted than another and, if one places quite 
low in Extraversion (high introversion) does that have any consequences for one’s 
health or longevity?    
 

1.2.2 Why use an individual differences perspective? 

Studying inter-individual (where a person places on a particular dimension) or intra-
individual (how stable a person is in a particular trait or dimension) variation in regard 
to a particular dimension is useful both for the sake of the knowledge itself and because 
that knowledge can in turn, uncover patterns which can shed light on the underlying 
mechanisms, causes or sources involved in the differences observed.  Investigation of 
the individuals who place on the extreme ends of a particular dimension can also be 
helpful in revealing patterns of variation that can eventually lead to the discovery of 
mechanisms or sources behind observed differences as well as studying the area where 
two or more ID dimensions overlap (Maltby, 2007).  
 
All of the studies in this thesis have used an individual differences approach in an 
attempt to elucidate the underpinnings of intelligence and personality. Studies I and II 
examine the relationships between individual differences in intelligence and those in 
timing variability.  Study II then extends these results by finding that both low ISIP 
variability and high intelligence are related to larger white matter volume in 
overlapping prefrontal brain regions.  Study III finds an association between timing 
variability and individual differences in Neuroticism, and finally Study IV reveals a 
relationship between individual differences in the Introversion-Extraversion dimension 
and regional brain volumes in both white and gray matter.   
 

1.2.3 The neural basis of individual differences 

The fields of psychometrics and neuroimaging have provided useful evidence in the 
search for the neural bases of intelligence (Deary, 2000; Jensen, 2006; Jung & Haier, 
2007) and personality (Robinson et al., 2005; Canli, 2004; Forsman et al., in review).  
However, improvements in the types of behavioral tests/tasks used to probe the neural 
basis of intelligence, as well as new imaging data in general (especially in the case of 
personality traits) are welcome additions. 
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1.2.3.1 Bottom-up vs. Top-Down perspectives 

There are two broad but not mutually exclusive perspectives that can be taken to 
explain observed correlations between IDs and the tools that are used to explore them.   
Bottom-up models assume that certain low-level neural properties (such as temporal 
variability in neural activity) affect behavior and cognition, and that individual 
variation in these properties underlie individual differences in traits.  Top–down types 
of explanations, in contrast, involve some higher-order component of the neural system, 
such as attention, that affects IDs in e.g. timing, cognitive performance or personality. 
 
1.3 INTELLIGENCE 

Although everyone can agree that intelligence is a necessary ingredient for successful 
living, the definition of this complicated, multi-faceted, almost definition-defying 
concept continues to be a source of contention among lay people and experts alike.   An 
article by Jensen (Jensen, 1998) in which he asks for and receives different definitions 
of intelligence from 38 experts within the field, exemplifies the breadth of the problem.  
Interestingly, when the definitions were later analyzed by Sternberg (Sternberg, 2000) 
three common themes were found.  The last two themes to emerge reflect fairly 
accurately the major areas of research in the field.  They were 1) adaptation to the 
environment, 2) basic mental processes, and 3) aspects of higher order thinking such as 
problem solving, reasoning and decision making (Maltby, 2007).   
 
Obviously, intelligence is a combination of both more basic and more complex process 
types and the boundary between these two types can seem somewhat arbitrary.  In fact, 
when semantics prove too challenging, the language of mathematics can often help to 
define what is and what is not known about a concept, and can offer a way forward 
without formal agreement of a construct’s proper semantic definition - psychometric g 
provides this service to the concept of intelligence.  
 

1.3.1 Psychometric intelligence or “g” 

Psychometric intelligence (also known as “g” for general intelligence) is a factor of 
shared variance in common to diverse tests of knowledge, intelligence, perception, 
memory and processing speed which if analyzed systematically in a factor analysis will 
emerge at the highest factor level (see Fig. 1) (Spearman, 1904; Carroll, 1993; Jensen, 
1998).  The roots of psychometric g can be traced back to an English psychologist, 
Charles Spearman who became inspired around the turn of the last century by Francis 
Galton’s ideas on individual differences in intelligence.  Although the actual details of a 
complete factor analysis were not worked out until much later, Spearman’s seminal 
paper from 1904 (Spearman, 1904) represents the beginnings of using factor analysis 
techniques in the assessment of individual differences in mental ability. 
 
Briefly, a factor analysis (FA) refers to a group of related methods of multivariate data 
reduction, which allows a simplification of the correlational relationships between a 
number of variables (Maltby et al., 2007).   It allows patterns that underlie the 
correlations of many variables to be seen more clearly through their successive linear 
combination.  For the cognitive abilities domain, a hierarchical three-layer model has 
gained broad acceptance (Figure 1).  In a hierarchical factor analysis, first order factors 
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are arrived at through the linear combination of underlying variables (tests or tasks).  
Second order factors are more general and correspond to common sources of variance 
among the first order factors.  The third stratum contains a single factor g, which is the 
most general construct in the model, influencing performance on essentially all 
underlying tasks. 
 
Although voices of dissent persist (see for example, Gardner, 1983 ; and Sternberg, 
1984) the acceptance of psychometric intelligence  or g (in essence a mathematical 
description), over a semantic definition, is apparent in the number of publications 
referring to it and the number of researchers using tests of g or fluid g in their work.  
Several large studies of g, often involving large participant cohorts, have provided 
sufficient empirical evidence as to its existence, validity and reliability (Carroll, 1993; 
Jensen, 1998; Johnson 2008).   The precise structure of the lower level factors is still 
contested and are continuously moved, remodeled and renamed as factor analysis 
techniques improve, and new studies are performed, but in each of the “subject-heavy” 
references above, g was consistently found as the highest level factor using both 
traditional exploratory analysis (Carroll, 1993; Jensen, 1998) and the more powerful 
confirmatory analysis (Johnson & Bouchard, 2005; Johnson et al., 2008).    
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1.  An example of a factor analysis on tests of cognitive abilities from over 450 studies.  Second 
order factors are arranged in order of (approximate) descending correlation with g, from left to right.  Gf  
= fluid intelligence, Gc = crystallized intelligence, Gy = general learning and memory, Gv = broad visual 
perception, Gu = broad auditory perception, Gr = broad retrieval ability, Gs = broad cognitive speediness, 
Gt = processing speed.  Figure is redrawn and adapted from Figure 15.1 in John Carroll’s book Human 
Cognitive Abilities (Carroll, 1993). 
 
1.3.1.1  g vs. Gf and Gc 

A commonly used division of g into two “primary” sub-factors, fluid (Gf) and 
crystallized (Gc) intelligence, originally proposed by Raymond Cattell in 1970’s, and 
further developed by his student John Horn in the 1970’s and 80’s, is still in use today 
(Cattell, 1971).   This particular distinction between fluid intelligence, which is 
primarily viewed as a reasoning ability which allows one to solve novel, abstract 
problems free of cultural content, (exactly like the Raven’s test that will be described in 
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a moment), and crystallized intelligence which is proposed to be limited to acquired 
knowledge and skills, may be useful when studying groups at higher levels of ability 
where there is a more pronounced Gf-Gc differentiation (Hunt, 2005). 
 
 However a true distinction between Gf and Gc is probably not so easy to obtain in an 
adult population due to the fact that especially in today’s technical society it is hard to 
avoid contact with problems that at least resemble those that are used to determine Gf 
(Hunt, 2005).   Evidence of “cross-talk” between Gf and Gc (in the form of correlation) 
can be seen in many of factor analyses presented in Carroll’s impressive meta-analysis 
of 450 datasets of mental ability (Carroll, 1993).  In fact, in Carroll’s final factor 
analytic model, which takes into account all of the data in the 450 studies, Gf and Gc 
were so closely correlated that they were often combine into a single 2nd level factor 
which Carroll called Gh (pg. 626).   Interestingly, two separate groups have also 
demonstrated that g and Gf are so highly correlated that they are effectively the same 
thing (Johnson et al., 2004; Gustafsson, 1984).    
 
Specific mental abilities (the factors lower than g in a factor analysis) are also of 
interest and indeed of importance.   For the purposes of this thesis however, we have 
chosen to examine relationships between a simple timing task and g itself.  Once this 
primary relationship is firmly established, further associations between the task and 
more specific mental abilities can be investigated. 
                  

1.3.2 Measuring g 

The Wechsler Adult Intelligence Scale (WAIS) and the Ravens Standard Progressive 
Matrices (SPM) are commonly used to obtain estimates of g.  The advantage of  
the WAIS is that in addition to a Full Scale IQ score which is the score most closely 
related to g, one can also obtain scores for the lower level factors of verbal (closely 
related to Gc) and performance (closely related to Gf) intelligence (Lee et al., 2005).  
This test is often used clinically, or in studies that examine specific aspects of 
intelligence like working memory for example.   However, if one is interested in 
measuring g without concern for the lower order factors, a standardized test with a high 
g loading is the Ravens SPM (Jensen, 1992).  Another advantage of using one of these 
standardized tests is that one greatly increases the chances of being able to make direct 
comparisons between one’s own studies other studies in the field.  (See also Methods 
section 2.2.1). 
 
Now that a suitable definition and measurement of intelligence (g) have been presented, 
the main topics of interest in this thesis can be covered - 1) a series of known 
relationships between simple neurobehavioral tests and g, 2) relationships between 
temporal discrimination tasks and g, and finally, 3) what is known about neuroanatomy 
and g. 
 

1.3.3 Mental speed – elementary cognitive tasks & g 

One of the oldest ideas in intelligence research is the attempt to explain intelligence in 
terms of mental speed, also known as cognitive speed or speed of information 
processing (Galton, 1883).   Although the mental speed-intelligence theory fell largely 
out of favor not long after its introduction, due to technical and operational difficulties, 
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the past three decades have seen a renaissance of interest in the area.  Mental 
chronometry is the science that uses simple perceptual-motor tasks called elementary 
cognitive tasks (ECTs) to measure cognitive speed (Deary, 2000; Jensen, 2006).  The 
goal of these tasks is to tap as directly as possible into simple cognitive mechanisms 
underlying intelligence.  A common approach is to keep these tasks as basic as possible 
to minimize or eliminate the influence of strategy and/or educational contaminants, so 
that the relationships between them and larger psychological constructs will be largely 
due to differences in underlying neural processes.  
 
 There are several different types of ECTs although they can generally be divided into 
two categories:  reaction time (RT) tasks measure the how quickly a subject can 
respond to a stimulus and inspection time (IT) tasks measure the minimum amount of 
time a subject needs to perceive the difference between two stimuli that vary on some 
dimension.  These tasks can then be made increasingly difficult with the introduction of 
additional or more complex stimuli between which to chose.  
 
Extensive research on the ECTs has now revealed that they can be considered 
advantageous as a psychometric tool due to the following characteristics:  1) they are 
reliable – good Cronbachs’s coefficient alphas can be obtained in as little as 20-30 trials 
which take only a few minutes (Jensen, 2006), 2) they are repeatable an infinite number 
of times, since practice effects - at least on simple ECTs such as simple RT - are very 
small (Jensen, 2006), 3) they use a ratio scale of measurement that has a true zero point 
instead of being forced to use the less accurate interval scale which the standardized 
psychometric tests of intelligence use (Jensen, 2006), and 4) they have external validity, 
being positively associated to lifetime outcomes such as level of education reached and 
level of future income (Krieg et al., 2001). 
 
1.3.3.1 The worst performance rule 

The worst performance rule describes a pattern commonly seen in ECT data.  If the 
data from numerous trials in a RT task (for example) is arranged in order from best to 
worst performances, an individual’s worst performances are the ones most highly 
correlated with that individual’s level of intelligence.  The worst trials in a person’s 
performance are arguably those on which attention is not fully focused on the task at 
hand.  The interference of other types of cognition leading to a shift of focus means that 
attentional resources are directed away from the RT time task – whose outcome is then 
more dependent upon the smaller amount of attention remaining and more basic neural 
mechanisms.  Importantly, therefore, the presence of a WPR for a given task indicates 
that attentional mechanisms may be responsible for the correlations between 
intelligence and performance in that task. 
 
Regardless of the ECT used or analysis pattern analyzed, one principle holds true – 
individuals with higher psychometric intelligence are able to perform these tasks faster 
(as seen in RT measures of centrality – like the mean) and with less variability in their 
responses (as seen in RT measures of standard deviation) than those with lower g 
scores (Deary, 2000; Jensen, 2006).   The exact relationship between g and the ECT 
varies depending on the ECT used, the characteristics of the individuals studied etc.; 
however in general, correlations between central measures of RT, (like RT mean) and g 
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average around -0.35 (Jensen, 2006), while correlations between measures of RT 
variability (RTsd) and g are often slightly larger (Jensen, 2006).    
 
The limitation of ECTs is that they may not be as elementary as they seem.  Although 
they are assumed to be a basic measure of neural speed, more complex ECTs are also 
dependent upon higher-order types of cognition such as decision making and working 
memory.  In addition, early responses (non-stimulus triggered), and the fact that there 
are substantial effects of manipulating the time between trials suggests that ECTs 
contain at least a small potion of variance that must be contributed to processes other 
than mental speed (Grosjean et al., 2001).  This confound in the variance of ECT tasks 
makes its correlations with intelligence a nebulous affair.  Trying to separate out what 
part of the variance is due to neural efficiency (bottom-up processes) and what is due to 
the cognitive processes (top-down) involved is a difficult task with the ECTs that are 
currently in use. 
 

1.3.4 Temporal tasks and g 

Temporal discrimination tasks have a modest but significant relationship with 
intelligence in their own right, which emerges at the first level in the example factor 
analysis in Fig.1 (Carroll, 1993).  Scores on timing tests such as temporal tracking 
(ability to synchronize to a timed stimulus and then keep track of the number of beats 
that should have occurred in the absence of the metronomes sound) and maintaining 
and judging a rhythm were shown to load onto the second factor Gu or, broad auditory 
perception in Fig.1.  Carroll notes in his book that the auditory domain is “in need of 
much further research” and interestingly further recommends that future research 
investigate the degree to which auditory inputs are cognitively controlled (pg. 612).  
 
Recent articles from the Thomas Rammsayer group use an internal clock model to 
justify the use of temporal tasks in the investigation of intelligence (Helmbold et al., 
2007; Rammsayer & Brandler 2007).   They propose that an individual with a faster 
clock rate is both faster at processing information and that they have a reduced chance 
that interferences termed “mental noise” will intervene in their processing.   The 
argument presented is that timing accuracy, analogous to RT, reflects a fundamental 
neural process that underlies the temporal tasks as well as general intelligence.   
 
Rammsayer’s group demonstrated that temporal discrimination and judgment tasks 
show a modest (r = 0.34 – 0.43) relation to intelligence, and that a general factor 
extracted from the battery of timing tasks (i.e. a “temporal g”) correlated r =0.56 with 
intelligence (Hembold et al., 2007).  Furthermore, using structural equation modeling, 
they showed that the variance in higher mental ability related to choice RT is mostly 
accounted for by their temporal tasks (Rammsayer & Brandler, 2007).    
 
However, once again the characteristics of the tasks utilized call into question the 
meaning of their relationships.  The temporal tasks used by the Rammsayer lab all 
contained an element of higher-level cognition because they involved explicit 
discrimination and/or decision making – which requires attention and involves the 
direct manipulation of time intervals in working memory.   An alternate explanation to 
their main hypothesis could be that the correlation between timing tasks and 
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intelligence reflects attention, and that the reason their “temporal g” correlated stronger 
with intelligence was that attention and other top-down processes were common 
components of all the timing tasks.  
 
Neural factors influencing the accuracy of timing may indeed be fundamental to 
intelligence.  The challenge was to find a more suitable timing task – one that to the 
greatest extend possible reflected only the neural mechanism underlying the test and 
general intelligence.    
 
1.3.4.1 The Isochronous serial interval production (ISIP) test 

The ISIP, also known as synchronization-continuation or tapping, is really an old task 
with a new name that met the criteria we were looking for:  it is a simple, automatic 
timing task in which temporal variability is largely the result of automatic processes 
that are inaccessible to conscious control.  Its simplistic qualities (not requiring the 
participant to make a decision) make it perhaps a better task to use when attempting to 
expose that portion of intelligence related to basic neural or bottom-up processes.   
   
1.3.4.1.1 What is the ISIP task? 

Used for the first time by Lewis T. Stevens to investigate the human sense of timing in 
the millisecond and second range, the ISIP tasks has two elements (Stevens, 1886).  In 
the first part, the participant synchronizes his or her movements (usually taps with a 
finger or drum stick) to an isochronous stimulus train with a previously determined 
inter-onset interval (IOI).  This portion of the task is generally called the 
synchronization portion, and is a field of study in its own right.  However for our 
purposes the synchronization phase was just long enough to allow the participant to 
establish a good synchronization (30 beats).  In the next part of the task, called the 
continuation phase, the model isochronous beat will be stopped but the participant will 
continue to beat (or tap) at the same pace until a stop signal is indicated (45 beats in our 
version of the task).  The synchronization and continuation phases of the task are in 
common to the variations of the ISIP task, however different effectors (i.e. drum stick 
or finger) and different modalities (i.e. sound or vision) can be used as well. 
 
 
 
 
 
 
 
 
 
 
Figure 2.  Schematic of the participant's production during the ISIP.  During synchronization the 
participant listens to an isochronous computer rhythm and synchronizes his/her tapping movements with 
this rhythm.  The participant continues to tap, without interruption, at the same pace during the 
continuation phase until a stop signal is heard. 
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1.3.4.1.2 What is automatic timing and how can the ISIP be used to test it? 

Lewis and Miall (Lewis & Miall, 2003), reviewing evidence from 35 different 
neuroimaging studies, first described the now commonly used division of timing by 
demonstrating that there was evidence of distinct systems of automatic and cognitively 
controlled temporal processing.  A task can be considered to be controlled by automatic 
processes if it meets the following requirements: 
 

1) uses temporal intervals shorter than 1 second. 
2) intervals appear repetitively in continuous succession 
3) involves motor production 

 
The ISIP meets all of the above requirements as long as the isochronous rhythms 
presented are under 1s.   However, in the present work (Study 1, Experiment 2) we also 
included inter onset intervals above 1s, in order to see if different patterns in the data 
appear as temporal intervals exceed 1s and the behavior comes under increasingly 
cognitive control. 
 
Other observations that support the idea that millisecond timing in the ISIP is under the 
control of neural processes include: 
 

1) unlike temporal judgment and discrimination tasks, the ISIP does not include 
explicit information to process temporal information in working memory 

 
2) a number of findings show that participants have limited conscious awareness 

of  irregularities that can be inserted into the ISIP task – 
 

i) perturbations in ISIP performance by distracter sounds occur 
involuntarily and without conscious awareness (Repp, 2006) 

ii) the timing of movements are affected by subliminal perturbations of 
pacing stimuli (Madison & Merker, 2004) 

iii) gradual, subtle changes in the qualities of the intervals are 
automatically tracked by participants (Madison & Merker, 2005). 

 
3) the introduction of a task that is run simultaneously with the ISIP creates very 

little interference (Michon, 1966; Nagasaki, 1990). 
 

1.3.4.1.3 Two types of ISIP variance: Local and Drift 

Besides its ability to largely reflect neural processes under mostly automatic, 
unconscious control, the ISIP’s additional advantage is that its variance can be 
subdivided into components (Madison, 2001; Vorberg & Wing, 1996), allowing for a 
more finely detailed analysis of its control mechanism(s).  For our studies we have 
decided to divide the variance into two different types that likely have different control 
mechanisms,  
 

1) Local – local interval-to-interval variability, obtained by calculating the 
difference from an original interval (xa) and an interval 2 beats later (xa+2).  The 
formula for calculating Local variance is given in the methods section. 
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2) Drift – longer, more gradual changes in tempo that occur over the course of a 

several intervals.  Again, the formula is given in the methods section. 
 
The relationship of Local and Drift variability to intelligence can therefore be studied 
separately.  Differences in the control mechanisms of these two types of variance are of 
great interest but little is known about them.  An important piece of evidence in this 
regard was recently discovered in a patient population.  Deficits in attention or other 
top-down control processes arguably should be noticeable in Drift at least as much as in 
Local variability. However, children with attention deficit hyperactivity disorder 
(ADHD) have shown larger Drift variability then Local variability suggesting that Drift 
is more affected by higher-order processes such as attention (Jucaité et al, in press).   
 
Using the ISIP in our experiments was deemed advantageous both because of its 
classification as a task that should be largely under the control of automatic neural 
processing and therefore useful for tapping into that portion of intelligence that is 
related to bottom-up, neural processing, and due to that fact that its variance is 
dissociable into components, likely under the control of different mechanisms that can 
provide additional evidence on the origins of discovered relationships between timing 
and intelligence (whether they are primarily effected by top-down or bottom up 
processes). 
 

1.3.5 Neuroanatomy and g 

The ultimate goal in intelligence research for those interested in bottom-up processes is 
the identification of the neural mechanisms underlying the observed individual 
differences.  Neuroimaging studies have shown that intelligence is related to both 
structural and functional brain properties.  The most well replicated anatomical finding 
is a positive correlation (r = 0.3-0.4) between intelligence and measures of total brain 
volume (Jensen, 1998; McDaniel, 2005; Rushton & Ankney, 2007).  The idea that 
genetics may have a role to play in the association between intelligence and brain size 
is well supported, as both intelligence (Finkel et al., 1995) and brain size (Posthuma et 
al., 2002) have high heritabilities (r =0.80 and 0.85 in adults respectively) i.e. 
substantially higher than for personality (see below), and the correlation between the 
two appears to be entirely genetic (Posthuma et al., 2002).  
 
1.3.5.1 Where is g in the brain? 

Many studies have also investigated the relationship between intelligence and regional 
brain anatomy, and have found positive correlations between them in widespread areas 
of the gray and white matter but particularly in prefrontal and temporoparietal 
association areas (Reiss et al., 1996; Frangou et al., 2004; Haier et al., 2004, 2005; 
Colom et al., 2006; Shaw et al., 2006).  One review in particular summarizes the results 
from 37 modern neuroimaging studies in an attempt to answer the question of where in 
the brain intelligence is “located” (Jung & Haier, 2007).   Jung and Haier report a 
striking consensus amongst the studies in their review and propose an intelligence 
network that they call the Parieto-Frontal Integration Theory (P-FIT).  True to its 
name, the P-FIT model includes the dorsolateral prefrontal cortex, the inferior and 
superior parietal lobule, the anterior cingulated and smaller regions within the temporal 
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and occipital lobes.  White matter regions are also indicated, roughly in line with the 
arcuate fasiculus. 
 
 
 
  
 
 
 
 
 
 

 

 

 

 
 
 
 
 
Figure 3.  Brain regions by Brodmann area (BA) associated with better performance on measures of 
intelligence and reasoning that define the P-FIT model.  Numbers are Broadmann’s areas (BAs); dark 
circles = predominant left hemisphere associations; light circles = predominant bilateral associations; 
white arrow = arcuate fasciculus.  This picture and its description are taken from an article by Jung and 
Haier (Jung & Haier, 2007).  Permission kindly granted by the Cambridge University Press. 
 
Information processing in this primarily fronto-parietal network is proposed by Jung 
and Haier to be a central mechanism of intellectual functioning. 
 
1.3.5.2 Temporal stability and connections with neural anatomy 

As mentioned earlier in Section 1.3.4, recent behavioral studies have demonstrated a 
significant relationship between timing accuracy and intelligence.  Neural factors 
influencing the accuracy of timing could therefore be fundamental to intelligence.  The 
link between these two variables, however, could plausibly be explained by either top-
down or bottom-up mechanisms.  An important question is therefore whether temporal 
accuracy in a simple, automatic timing task that loads minimally on working memory 
and executive control is correlated with intellectual performance and if so, whether 
these two behaviors share neural correlates. 
 

1.3.6 Neural correlates of intelligence – hypotheses 

Based on the evidence presented above, the following questions were investigated: 
 
Study I – 1) Does intelligence correlate negatively with variability in the ISIP task?  2) 
Is the relationship between these variables primarily influenced by top-down processes 
like attention, or by bottom-up processes?  3)   In which timing ranges are correlations 
between intelligence and variability primarily seen – in the subsecond range (which 
would support the involvement of bottom-up processes, or in the suprasecond range 
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which would support the presence of top-down processes?  4)  Is there a WPR analog 
in the ISIP, the presence of which would confirm the involvement of top-down 
processes? 
 
Study II –  Does temporal accuracy in a simple, automatic timing task that loads 
minimally on working memory and executive control share neural correlates with 
intelligence?  
 
1.4 PERSONALITY 

The study of personality, like intelligence, is one of the largest in the field of individual 
differences.   Personality refers to integrated patterns of thinking, feeling and behaving 
that vary between individuals but are relatively stable within a person across situations 
and time.  
  

1.4.1 The biological (genetic) basis of personality 

Converging evidence from numerous fields strengthens the idea of a biological basis of 
personality.    First and foremost, a person’s personality is known to be relatively stable 
over time, changing very little even into the eighth decade of life (Stelmack, 1991).  
Twin studies estimate that 40 – 60% of the variance in the five personality constructs of 
the Five Factor Model (FFM) (see below) can be attributed to genetic factors (Plomin et 
al, 1994, Bouchard & McGue, 2003).   Furthermore links have been established 
between certain personality characteristics and a suspected predisposition for mood and 
anxiety disorders (Plomin et al., 1994).  
 

1.4.2 Dominant theories in the field of personality 

Decades of research on the structure and mechanisms of personality have produced a 
number of influential models coming from various subfields and traditions in 
psychology and psychiatry.  Some of the more successful models in the field of 
personality come from the psychometricians (using factor analysis to confirm traits) 
and the biological/physiological based approaches.  However, regardless of how well 
the top influential theories of personality are developed in terms of providing a 
biological explanation for their constructs, many of them have recently been examined 
in the light of neuroimaging evidence (See Table I, Study IV).  This thesis will limit 
itself to a few of the models which could be useful when one is attempting to uncover 
the neural correlates of personality.   
 
1.4.2.1 The factor analysis based models of personality 

Like the factor of cognitive ability, g, personality traits belonging to the factor analysis 
based models of personality are generally arrived at through a psychometric analysis of 
test items (See Fig. 1 and Sec. 1.3.1). The factor analysis of attributes (using the lexical 
approach) are first gathered into small clusters at the first factor level, representing their 
inter-correlations.  Inter-correlations between these smaller clusters form the factors at 
the next level and so on until all of the variance is accounted for by as few factors as 
possible.  Higher level factors are fewer in number but account for less of the individual 
test’s variance and include more overall error variance (the error variance inevitably 
accumulates at each level).  Lower level factors retain a higher concentration of the 
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individual tests variance, and a lower amount of error variance but there are many more 
of them.  Their sheer number can make comparison amongst individuals and groups 
quite complicated. 
  
1.4.2.1.1 The Five Factor Model (FFM) 

The currently dominating psychometric model is the Five-Factor ('Big Five') Model 
(FFM), originally developed mainly by McCrae and Costa (McCrae and Costa, 1990). 
This model includes five higher-order factors: Openness to Experience, 
Conscientiousness, Extraversion, Agreeableness, and Neuroticism.   
 
1.4.2.1.2 Cattell’s 16 primary factors 

R.B. Cattell, also using factor analysis, found 16 primary factors in his data (Cattell, 
1965).  Five global factors can be calculated from the 16 primary factors using their 
weighted, linear combinations.  The five global factors are:  Extraversion, Anxiety, 
Tough-Mindedness, Independence and Self-Control.  While the global factors have 
been confirmed in large scale studies (Hofer et al., 1997; Ormerod et al., 1995; Rossier 
et al., 2004), problems with replicability of the primary factors have been noted (Aluja 
& Blanch, 2004; Eysenck, 1991).   The Cattell 16PF, is the test of personality used in 
the studies comprising this thesis.   
 
1.4.2.1.3 Eysenck’s three factor PEN model 

Eysenck's approach to personality was pioneering in that he integrated psychometric, 
behavioral, and neurobiological perspectives in a search for the biological basis of the 
main dimensions of personality (Eysenck, 1967, 1991).  His theory is an equal mix of 
traits (arrived at with factor analysis) and neural physiology but here he is placed under 
the factor analysis theorists for convenience.   Eysenck supported a three factor 
explanation of human personality in which the traits were Psychoticism (P) 
(presumably largely a mixture of Agreeableness and Conscientiousness from the FFM), 
Extraversion (E) and Neuroticism (N) (Eysenck, 1967).  
 
1.4.2.1.4 How are they all related? 

The number of top level factors has long been a point of contention, with the FFM and 
R.B. Cattell contending that there are five global factors (although these two models do 
overlap they are not in agreement on the exact same set of global five factors) and on 
the other hand Eysenck supporting a three-factor solution.  However, an examination of 
correlations between the factors belonging to the different trait models of personality 
reveals highly significant associations - indicating that the different models are most 
likely measuring the same construct (McCrae & Costa, 1985; Scholte & De Bruyn, 
2004).  This seems to be especially true of the two traits that are examined in this 
thesis: Extraversion and Neuroticism.  The FFM dimensions of Extraversion and 
Neuroticism, are closely related to corresponding constructs with the same names 
(Draycott & Kline, 1995; McCrae & Costa, 1985; Scholte & De Bruyn, 2004) in both 
Eysenck's three-factor PEN Model (Eysenck, 1967) and Cattell’s 16 PF model 
(Eysenck, 1991). 
 



 

  15 

1.4.2.2 Biological/Physiological based models of personality 

C. Robert Cloninger’s psychobiosocial perspective (Cloninger, 1987, 1994) and Jeffery 
A. Gray’s Behavioral Inhibition System and Behavioral Approach System (BIS/BAS) 
are the leading theories in this field although Eysenck’s arousal theory can also be 
placed in this category.   
 
1.4.2.2.1 Cloninger’s model of temperments 

Briefly, Cloninger’s model currently includes four main temperament traits (Harm 
Avoidance (HA), Novelty Seeking (NS), Reward Dependence (RD), and Persistence 
(P)) and three character traits (Self-directedness, Cooperativeness, and Self-
transcendence).   Cloninger links his traits to different neurotransmitter systems which 
are responsible for the activation and inhibition of our behavior, learning, and our 
responses to perceived rewards and punishments (Cloninger, 1987, 1994).   
 
1.4.2.2.2 Jeffery A. Gray’s BIS/BAS model 

An important modification and development of Eysenck's model has been provided by 
Gray and coworkers as part of their reinforcement sensitivity theory. One key idea of 
this model is that differences in response patterns (including arousal) to stimuli with 
different emotional valence are more important for personality than baseline arousal is 
(Gray & McNaughton, 2000; Matthews & Gilliland, 1999).   According to this theory, 
personality is based on the interaction between two basic systems in the brain, the 
Behavioral Approach System (BAS) and the Behavioral Inhibition System (BIS).  The 
BAS activates approach behavior through increased sensitivity to rewards, while the 
BIS increases sensitivity to punishments and thereby inhibits behavior . 
 
1.4.2.2.3 Relationships between the psychometric models and biological theories 

The causal influences of Gray’s BAS and BIS are assumed to be oblique in relation to 
Eysenck’s Extraversion and Neuroticism axes: extroversion is due to a strong BAS and 
a weak BIS; introversion, weak BAS and strong BIS; Neuroticism, strong BAS and 
strong BIS; stability, weak BAS and weak BIS. 
 
Substantial correlations have been demonstrated between the Cloninger traits and the 
factors of the Five Factor (de Fruyt et al., 2000) and PEN (Zuckerman & Cloninger, 
1996) models as well, although their relationships are far from simple. 
 

1.4.3 Neuroticism 

Neuroticism (N) is one of the most extensively studied higher-order personality traits. It 
is consistent across various models of personality mentioned above, including the Five 
Factor model of Costa and McCrae (McCrae & Costa, 1985, 1990), Eysenck’s PEN 
model (Eysenck, 1967, 1991) and Cattell’s 16PF model (Cattell et al., 1970), where it is 
identified as the global personality factor Anxiety (Rossier et al., 2004). People with a 
high level of N are more reactive to negative stimuli, vulnerable to stress, less effective 
in regulating their behavior, and more prone to worry and negative affect (Gray & 
McNaughton, 2000; McCrae & Costa, 1990). Many N characteristics are captured by 
the term “instability”, which has become a commonly used metaphor for the trait. 
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1.4.3.1 Neuroticism and psychometrics 

Robinson & Tamir (2005) hypothesized that the instability observed in the behavior 
and emotion of those high in N is related to more variable performance in elementary 
cognitive tasks. In line with this, they found that N was positively related to inter-trial 
variability in reaction time in choice reaction time tasks. It appears possible therefore, 
that one cause of the behavioral instabilities of high N individuals is a less reliable 
performance in simple cognitive operations of importance for more complex behavior. 
  
One intriguing aspect of these findings is that also intelligence is related to inter-trial 
variability of reaction time in elementary cognitive tasks (for reviews see Deary, 2000; 
Jensen, 2006) However, N and intelligence are essentially uncorrelated traits 
(Demetriou et al., 2003). This raises the possibility that N and intelligence are related to 
different sources of temporal variability in behavior, and that different mechanisms 
underlie the N × variability and intelligence × variability correlations.   
 
1.4.3.2 Neuroticism and the ISIP task 

One way to test this possibility is to employ a simple timing task where the total 
variance can be partitioned into different components which are likely to have different 
control mechanisms.   If intelligence is mostly related to one portion of variance from 
this task, then N should be related to the other, provided the two portions of variance 
represent variability from two different control processes that are of importance for 
intelligence and Neuroticism respectively (See section 1.3.4.1 for details on the ISIP 
task).   This is Study III’s hypothesis. 
 

1.4.4 Extraversion  

Extraversion, like Neuroticism, is one of the most well-studied aspects of personality 
which is highly consistent across various personality models (Draycott & Kline, 1995; 
McCrae & Costa, 1985; Scholte & De Bruyn, 2004; Eysenck, 1991).  In general terms, 
extraverts are characterized as more sociable, behaviorally active, optimistic, and happy 
than introverts (Depue & Collins, 1999; McCrae & Costa, 1990). According to a 
historically important theory by Eysenck, extraverts have a lower baseline level of 
cortical arousal than introverts, due to differences in the baseline activity of ascending 
reticular pathways (Eysenck, 1967).  Extravert behavior, on this account, is an active 
search for external stimulation in order to raise cortical arousal level.  
 
According to Gray’s reinforcement sensitivity theory, Extraversion is assumed to be 
dependent on two sets of neural circuitry: the Behavioral Activation System (BAS) and 
the Behavioral Inhibition System (BIS). Both the BAS and the BIS can increase arousal 
and attention to relevant sensory cues, but the BAS activates approach behavior while 
the BIS inhibits behavior.  The causal influences of BAS and BIS are assumed to be 
oblique in relation to Extraversion: Extraversion is due to a strong BAS and a weak BIS 
and introversion, on the contrary, is characterized by a weak BAS and strong BIS (Gray 
& McNaughton, 2000). 
 
Traits related to Extraversion from Cloninger’s theory include Sensitivity to Reward, 
which is a direct measure of the activity of the BAS system (Barrós-Loscertales et al.,  
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2006), as well as four of Cloninger's other dimensions that consistently show 
substantial relations to Extraversion (de Fruyt et al., 2000; Zuckerman & Cloninger, 
1996), i.e. Harm Avoidance, which is negatively correlated with Extraversion and Self-
directedness, Novelty Seeking and Reward Dependence, all of which are positively 
related to Extraversion. 
 
1.4.4.1 Extraversion and neural imaging 

The models summarized above make it important to investigate whether Extraversion is 
in fact related to structural variability in cortical and subcortical regions that are implied 
in the BAS/BIS systems as well as white matter fiber tracts involved in control of 
cortical arousal.  Key regions in the BAS have recently been identified as including the 
left dorsolateral and medial prefrontal regions and the basal ganglia, while the BIS 
involves right prefrontal regions, the amygdala, the basal ganglia and the hypothalamus 
(Hewig et al., 2006).   
 
Table 1 in Study IV summarizes existing studies on neuroanatomical correlates of 
Extraversion, as well as related traits.  As can be seen in Table 1, the overall pattern is 
far from consistent. For instance, one study indeed found Extraversion to be negatively 
related to cortical thickness in frontal regions in young adults (Wright et al., 2006). This 
is consistent with another study finding a relation between a weak BAS and prefrontal 
regional volume (Barrós-Loscertales et al., 2006). However, other studies on older 
samples have demonstrated different patterns of correlations (Wright et al., 2007) and 
positive relations, in various areas, between Extraversion or Extraversion-related traits, 
and cortical thickness (Rauch et al., 2005; Wright et al., 2007) or regional volume 
(Kaasinen et al., 2005; Yamasue et al., 2008) have also been reported.  This 
inconclusive picture could depend on many things, including heterogeneity with regard 
to personality measures, morphometrical techniques, and demographical variables such 
as age and sex. It clearly calls for further investigations.  
 
The aim of study IV was to investigate whether differences in Extraversion are related 
to regional brain volume differences in regions that are implied in the BIS and BAS 
systems. Secondly, we were interested in exploring relationships between Extraversion 
and white matter, since the latter has not been studied in relation to personality.  And 
finally an exploratory analysis was planned looking at relationships between the other 
four Cattell global factors and regional brain volumes in gray and white matter. 
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2 AIMS OF THE STUDIES 
The aims of the studies in this thesis are restated for clarity. 
 
Study I – Experiment 1 examined points 1-4 below and Experiment 2 extended our 
findings by replicating them in a new sample including female and older participants, 
and by extending the study design to include IOIs longer than 1s. 
 

1) To investigate whether intelligence as measured by the Ravens SPM Plus, 
correlates negatively with variability in the ISIP task. 

  
2) To investigate if the relationship between these variables is primarily influenced 

by top-down processes like attention, in which case the Drift portion of variance 
should be correlated with intelligence at least as highly as the Local variance. 

 
3) To investigate in which temporal range intelligence and timing variability are 

related.  Higher correlation between these two variables in the sub-second range 
would indicate the presence of bottom-up processes. 

 
4) To investigate the presence or absence of a WPR analog.   The presence of this 

pattern in the data would confirm the involvement of top-down processes, 
whereas the absence of a WPR would deny their involvement. 

 
Study II –  Does temporal accuracy in a simple, automatic timing task that loads 
minimally on working memory and executive control share neural correlates with 
intelligence?  
 
Study III –  Is Neuroticism related to a different component of temporal variability 
than intelligence, since these traits are essentially uncorrelated, but low-Neuroticism 
like high intelligence, is associated with lower variability in millisecond timing tasks? 
 
Study IV –   
 

1) Are differences in Extraversion related to regional brain volume differences in 
regions that are implied in the BIS and BAS systems? 

 
2)  What are the relationships between Extraversion and white matter – this 

relationship has not been studied before. 
 
3) And finally, an exploratory analysis was planned to examine the relationships 

between the other four Cattell global factors and regional brain volumes in gray 
and white matter. 
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3 METHODS 
 
3.1 PARTICIPANTS 

All of the studies in this thesis are based on one participant group consisting of 36, 
healthy, right-handed males age 19-49 (mean 32.8 and SD 8.3) with the exception that 
the first paper used an additional subject group in its second experiment.   Not all 
subjects were used in all experiments due to missing and/or damaged data from 
technical failures.  Participants from the second experiment in Study I included 30 
healthy, right-handed subjects (20 females); aged 19 – 62 years (mean 32.8 ± 9.9).   
 
All participants were recruited from the Stockholm area via an article in a Local, 
widely distributed, free newspaper (Metro).  Since our aim was not to study sex 
differences, we chose to use only male participants to make the sample more 
homogeneous.  In Experiment 2 of Study 1 however, we included females and older 
participants in an attempt to replicate our findings in a group that reflected more 
accurately the general population.  Exclusion criteria for participation were a history of 
a psychiatric or neurological illness or of trauma to the head that resulted in loss of 
consciousness or hospitalization.   The experimental procedures were undertaken with 
the understanding and written consent of each participant, conforming to The Code of 
Ethics of the World Medical Association (Declaration of Helsinki).  Ethical approval 
was given by the Karolinska Hospital Ethical Committee (Dnr 2005/320-32).   
 
3.2 MATERIALS – BEHAVIORAL TESTING 

3.2.1 Intelligence Test - Ravens  

Intelligence was measured with the Raven’s Standard Progressive Matrices (SPM) Plus 
version (Styles et al., 1998).  The Raven’s SPM is a widely used test that mainly 
reflects psychometric general intelligence or “g” (Gustafsson, 1984).   A pencil and 
paper version of the Raven’s SPM was administered individually, without a time limit, 
in a quiet room.   Test taking times for Raven SPM ranged from 40 to 120 minutes.  
The raw Raven’s scores were used in correlations with the ISIP and z-scores were used 
in the multiple regression analysis with regional brain volumes (see also section 1.3.3.).  
Studies I and II used the Ravens as a measure of intelligence. 
  
3.2.2 Personality Test  - Cattell 16PF  

Personality was measured with the Swedish version (Assessio AB) of Cattell’s 16PF, 
5th version (Institute for Personality and Ability Testing Inc.).  The test was 
administered individually in a quiet room.  Test taking times averaged from 40-50 
minutes.  Scores of the five global factors (Anxiety, Independence, Extraversion, Self-
Control and Tough-Mindedness) were calculated as linear combinations of the 16 
primary personality factors, according to the standard procedure described in the test 
manual (Assessio AB, Sweden) (See also section 1.4.2.1.2).  Studies III and IV used the 
Cattell 16PF to evaluate the personality traits of Neuroticism and Extraversion.  
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3.2.3 Isochronous Serial Interval Production (ISIP) 

All aspects of the ISIP task were controlled by custom designed software running on a 
PC with a real-time operating system.  An AlesisD4 drum module connected via MIDI 
to the PC produced the sounds and collected the responses. The temporal resolution of 
the system was 1 ms. Stimuli consisted of 20 sampled cowbell sounds presented in 
isochronous sequence through PeltorHTB7A sound-attenuated headphones at 78 dBA 
sound pressure level. The last two sounds were attenuated to 72 and 66 dBA, 
respectively, to reduce the startle reaction when stimuli cease. The sounds have a sharp 
attack and a relatively fast decay, resulting in a supra-threshold duration of 
approximately 80 ms. Responses were given by beating a drumstick against a drum pad 
with a piezoelectric element. 
 
3.2.3.1 ISIP procedure 

Each participant was tested individually, sitting upright on a chair with their feet to the 
floor. The ISIP task was performed first. In each ISIP trial, the participant synchronized 
right hand tapping movements with 20 stimulus sounds, and then continued to beat 
another 45 times without interruption after the sounds had stopped. This procedure was 
repeated for each trial, Experiment 1 had one of seven different stimulus inter-onset 
intervals (IOIs) according to a geometric series (215, 300, 375, 469, 586, 733, and 916 
ms) while in Experiment 2 this list was expanded with the durations (240, 268, 335, 
419, 524, 655, 819, 1024, 1145 and 1280ms).  The first block was for practice and 
consisted of 7 trials, one for each IOI. The second block was the experiment proper that 
consisted of 14 trials, two for each IOI. IOIs were presented in a different random order 
within each block for each participant. The two blocks took 30–40 min to complete.  
After the ISIP task participants were offered a break of about 10 min.  
 
3.2.3.2 ISIP data processing 

For the ISIP task, all data from the practice trials were ignored. For the experimental 
trials, data from the continuation phase, excluding the first five data points, were 
analyzed.  Excluding the first five data points of the continuation phase is a standard 
procedure in ISIP research to exclude possible behavioral artifacts during the transition 
from synchronization to continuation (Madison, 2001). Thus, the 39 time intervals 
between the last 40 beats in each continuation phase were analyzed. Outlier intervals 
were excluded according to the following procedure. A moving average (MA) was 
computed on those of seven successive intervals in the response series that were within 
the range 200–1600 ms.  Intervals outside this range were considered unintentional 
errors, being either too close to simple reaction time or to the limit for experiencing 
temporal recurrence (Mates et al., 1994), which was the basis for the present task. Such 
errors were very rare and consisted mostly of detection failures in the data acquisition 
process, that is, either double triggering with an interval of 0–50 ms or failed 
triggerings with double or triple the stimulus interval. If the number of valid intervals 
within a 7-point window were less than 3, the MA was assigned the value of the 
stimulus interval. Intervals 50% shorter or longer than the MA were replaced with the 
MA, disregarding the outlier itself. This way, the outlier criterion was mainly related to 
the intervals actually produced, accounting for possible Drift in the mean. The typical 
SD for adults is on the order of 5% of the interval; the 50% limit should therefore be 
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transgressed very rarely, and does therefore not constitute filtering of the data.  Studies 
I, II and III made use of the ISIP task to estimate the stability of temporal processing in 
our participants. 
 
3.2.3.3 Calculation of Local & Drift variability 

The total variance in ISIP data can be partitioned into different components. One source 
of variability is Drift, i.e. gradual changes in ISIP intervals. This should be 
distinguished from Local variability, i.e. variability in the duration of consecutive 
intervals.   
 
Local variability (Local) was estimated as the variance of difference scores between 
temporal intervals two intervals apart, i.e. with a lag-2 difference. This estimate is thus 
minimally influenced by Drift. Local was estimated from difference scores between 
intervals with a lag-2 difference, rather than a lag-1 difference (i.e. consecutive 
intervals), for the following reason. Consecutive intervals in ISIP are negatively 
correlated. This lag-1 negative autocorrelation may reflect feedback error correction, 
where short produced intervals tend to be followed by longer ones and vice versa 
(Madison, 2000). It would be inappropriate to let a measure of Local variability reflect 
this error correction process, which in fact is important for stable performance,  
therefore lag-2 difference scores were used. The formula for calculating Local is: 
 
 

 
                                     
 
 
Drift was estimated as the remaining portion of the variance, i.e. total variance − Local 
variance, which consists mainly of the aforementioned Drift in the mean interval 
(Madison, 2001).  The formula for calculating Drift is: 
 
 
 
                                           
 
 
 
3.2.3.4 Calculation of the worst performance rule (WPR) 

The same lag-2 difference scores that were used in the calculation of Local were also 
used to test whether an analogue of the Worst Performance Rule (WPR) in RT tasks 
(Coyle, 2003) is present in ISIP.   The WPR states that RT in the trials with the worst 
performance, i.e. the longest RT’s in RT tasks correlate the strongest with intelligence. 
 
The following procedure was used. First, within each trial, the 36 lag-2 interval 
differences were rank ordered, disregarding sign, and divided into four bins with 9 data 
points in each. The first bin would thus contain the intervals with the smallest 
difference scores, i.e. the most accurate intervals of a trial. The next bin would contain 
less accurate intervals, and so on, with the least accurate intervals sorted into the last 
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bin. Secondly, the coefficient of variation (CV) of each bin was computed. Third, the 
means of these CVs were calculated across trials within-participant, resulting in four 
mean CV values for each participant. Finally, the correlations between intelligence and 
mean CV were calculated separately for each of these four bins. If a worst-
performance-rule-like phenomenon was present, correlations with intelligence would 
increase from the first bin that contains the smallest interval differences (i.e. the best 
performance), to the last bin that contains the largest interval differences.  Study I made 
use of the WPR in order to confirm or deny the presence of top-down influences on 
performance. 
 
3.3 MATERIALS - BRAIN VOLUME MEASUREMENTS 

3.3.1 Voxel based morphometry 

Voxel based morphometry (VBM) is a voxel-wise comparison of regional gray or 
white mater density between groups of subjects or single subjects using high resolution 
structural magnetic resonance imaging (MRI) scans (T1-weighted, 3D-SPGR scans).    
These structural images first go through a number of pre-processing steps before 
statistical analyses can finally be performed.   Inferences about the significance of 
regional differences that are found can be evaluated using the assigned p-values after 
correcting for multiple comparisons (Friston et al., 2007).  Studies II and IV made use 
of regional brain volume differences using VBM. 
 
3.3.2 Image acquisition and preprocessing 

Imaging was performed using a 1.5 Tesla scanner (Signa Horizon Echospeed; GE 
Medical Systems, Madison, WI) with a standard eight-channel head coil. A three-
dimensional, high resolution T1-weighted anatomical image volume was acquired from 
each subject, with the following parameters: acquisition matrix, 256 x 256 mm; field of 
view, 25 cm; repetition time, 24 ms; echo time, 6 ms; flip angle, 30°; number of slices, 
150; slice thickness, 1 mm; and voxel size, 1 x 1 x 1 mm3.  The magnetic resonance 
images were processed for voxel-based morphometry using the VBM2 toolbox (Cuadra 
et al., 2005) (http://dbm.neuro.uni-jena.de/vbm) within the SPM2 software package 
(Wellcome Department of Cognitive Neurology, London, UK). The preprocessing of 
the images was performed as described previously, using study specific prior 
probability maps (Good et al., 2001).  
 
All images were: 
 

1) Manually realigned to a standardized template. 
 
2) Spatially normalized to standardized anatomical space.  
 
3) Segmented into separate images of gray matter (GM), white matter, and CSF. 

The segmentation procedure was optimized by including the hidden Markov 
random field (HMRF)-based algorithm implemented in VBM2. This procedure 
removes isolated voxels of one tissue class, which are unlikely to be true 
members of this tissue type, judging from the tissue class of neighboring voxels. 
A HMRF weighting of 0.3 was used.  
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4) Modulated, i.e., voxel values were multiplied with Jacobian determinants from 

the normalization procedure, so that they reflected regional differences in 
absolute amount (volume) of gray and white matter (Good et al., 2001).  

 
5) Smoothed with a Gaussian kernel of 12 mm full-width half-maximum before 

analysis.  
  

3.3.3 Statistical analysis 
3.3.3.1 Statistical analysis Study II  

Modulated gray and white matter images were regressed, using the general linear 
model, on Raven scores or on CV scores from the isochronous tapping task. The 
covariates were corrected to have a 0 mean. In all models, voxels with a value of 0.2 
were excluded to avoid edge effects around the border between gray and white matter 
(Mühlau et al., 2006). Statistical significance was determined using a voxel height 
threshold of p = 0.05, corrected for multiple comparisons using false discovery rate 
(Genovese et al., 2002). To localize white matter regions with overlapping correlations 
with both Raven scores and CV scores, white matter density was first regressed on CV 
( p = 0.05, corrected). These clusters were used as an inclusive explicit mask in a 
second regression model between white matter volume (WMV) and Raven scores. All 
regressions were also performed with age included as a nuisance covariate, to control 
for age effects.  For the clusters with overlapping correlations with Raven and CV 
scores, a commonality analysis (Seibold & McPhee, 1979) was performed to determine 
the proportion of total variance in Raven scores associated with WMV and CV scores 
uniquely, as well as with common effects of these variables.   
 
The commonality (c) was calculated as: 
 
 c =  r2 

Raven.WMV + r2 
Raven.CV - R2 

Raven.WMV,CV 
 
where r2 

Raven.WMV is the squared correlation coefficient between Raven scores and 
WMV,  r2 

Raven.CV is the squared correlation coefficient between Raven scores and CV, 
and R2

Raven.WMV,CV is the squared multiple correlation coefficient with Raven scores as 
dependent variable, and WMV and CV as independent variables. Unique contributions 
of WMV (uWMV) and CV (uCV) were calculated as: 
 
 uWMV = R2 

Raven.WMV,CV - r2 
Raven.CV 

 
 uCV = R2 

Raven.WMV,CV - r2 
Raven.WMV 

 
3.3.3.2 Statistical analysis study IV 

Modulated and unmodulated gray and white matter images were regressed, using the 
general linear model, on the global Extraversion scores from the 16PF. Age was 
included as a nuisance covariate in all regressions. In addition, analyses with both age 
and total gray or white matter volume as nuisance covariates were performed. 
Regressions on the four other global personality factors of the 16PF were performed for 
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exploratory purposes. All covariates were corrected to have a zero mean. Voxels with a 
value of less than 0.2 were excluded to avoid edge effects around the border between 
gray and white matter (Mühlau et al., 2006). Statistical significance was determined 
using a voxel height threshold of P < 0.05, corrected for multiple comparisons using 
False Discovery Rate (FDR) (Genovese et al., 2002). For the major gray matter clusters 
showing a significant relation to Extraversion, a 9 region of interest analysis was 
performed where the first eigenvariate of the cluster was used as a mean intensity 
measure and plotted against Extraversion (see Figure 1 in Study IV). 
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4 RESULTS AND DISCUSSION 
 
4.1 NEURAL UNDERPINNINGS OF INTELLIGENCE 

Study I and II examined the neural underpinnings of intelligence with the use of the 
ISIP task (Study I) and VBM (Study II).  These two studies provide support for the 
involvement of bottom-up processes in the relationship between timing accuracy and 
intelligence.  The results of both studies are presented, evidence for the presence of 
bottom-up control mechanisms are discussed and finally, possible neural mechanisms 
that may be involved in the intelligence-timing relationship are speculated on. 
 

4.1.1 Evidence for the involvement of bottom-up processes  

The main finding of Study I (both Experiments 1 and 2 will be discussed together as 
their findings were quite similar -  data not in common to the two experiments will be 
pointed out) was that variability in the ISIP task, a task that by definition could be 
considered under the control of automatic timing processes (Lewis & Miall, 2003), did 
in fact correlate negatively with intelligence, adding to the evidence that variability in 
millisecond timing is important for cognition (Deary, 2000; Jensen, 2006; Hembold et 
al., 2007; Rammsayer, 2007).  
 
Several additional findings in this study, taken in conjunction with evidence from 
earlier literature, corroborate the main finding and support the idea that this relationship 
(ISIP x Intelligence) reflects bottom-up processes.   
 
1.  Local interval-to-interval variability had the highest predictive power across inter-
onset intervals (IOIs) in both experiments. First, the mere fact that Local variability in 
the ISIP correlates with intelligence supports a bottom–up mechanism.   As mentioned 
in the Introduction, the earlier literature shows that millisecond variability in the ISIP is 
both subliminal and relatively inaccessible to top–down control: responses to 
distractors are unconscious and involuntary (Repp, 2006), responses are affected by 
subliminal perturbations (Madison & Merker, 2004, 2005), and ISIP variability shows 
only marginal interference effects in dual task situations (Michon,1966; Nagasaki, 
1990) (see Figure 5 and Table 1).   
 
2.  Secondly, deficits in attention or other top–down control processes should be 
noticeable in higher-order dependencies such as Drift at least as much as in Local 
interval-to-interval variability. What we found is, on the contrary, that higher-order 
dependencies (Drift) consistently contributed less to the variance in intelligence than 
Local variability did.  Again both Experiment 1 and 2 supported this pattern.  However, 
in Experiment 2, the IOI range is extended to 1280ms (see Figure 5).   
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Figure 5.  Correlations of Raven Scores with Local and Drift from Experiment 1.  Correlations with 
Local are higher than with Drift across all IOI’s but especially in the 400 – 900ms range.   
 
3.  Third, the largest correlations were observed for an intermediate range of IOIs (from 
about 500 to 900 ms in Experiment 1 and about 375 to 650 in Experiment 2) under the 
1s mark which is considered a lower limit for cognitively controlled temporal 
processing (Lewis & Miall, 2003) (see Figure 5 & 6).  Interestingly, this is also 
approximately the range within which ISIP performance is optimal, i.e. has the smallest 
coefficient of variation (Fraisse, 1982; van Noorden & Moelants, 1999). The fact that 
correlations with intelligence were strongest within a particular range also speaks 
against that they would reflect variability in motor execution.  Instead, the differences 
in variation seen over the range of IOIs are likely to be related to switching between 
underlying mechanisms and strategies; the range that provides the most optimal 
conditions (500-900ms) is therefore also the range with the smallest intrinsic error 
variability. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6.  Correlations of Raven Scores with Local and Drift from Experiment 2.  Correlations with 
Local are higher than with Drift across all IOIs but especially in the 375 – 650ms range.   
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4.  And finally, we found no support for a worst performance rule in ISIP. In other 
words, there was no indication that trials with high variability – i.e. the trials where 
momentary attentional lapses may have impaired performance – were better predictors 
of intelligence than the trials where the participant performed optimally.  This can be 
seen in Table 1 (see Methods for a complete description of the calculation of the bins 
WP1 – WP4), where the data is arranged into bins WP1 to WP4 based on performance, 
with best performances in bin WP1 and the worst in WP4.  If a WPR existed, then one 
should see and increase in correlation from WP1 to WP4.  This pattern is not however 
present in data – instead the correlations remain about the same.  This speaks against 
the case that a top-down mechanism like attention is a major mechanism behind the 
relationship between intelligence and the ISIP task. 
 

 
Table 1.  All correlations were significant at p=0.05 (except the ones with an asterisk *). Variability 
measures are mean values within-participant across all replications and IOIs. Abbreviations: CV (total), 
the total coefficient variation; Local, Local variability; Drift, Drift variability; WPR 1–4, Local variability 
in worst performance rule bins 1–4. For further explanations of the variability measures see Methods. 
 
In summary, Study I found variability in the ISIP task was indeed related to 
intelligence.  In addition, several of the analyses in the study confirmed that this 
relationship was controlled more by bottom-up than by top-down processes.  The next 
step in the investigation of the neural components of intelligence using the ISIP task 
was to ask if these two components had any shared neural substrates. 
 

4.1.2 Neural anatomical correlates of the ISIP & intelligence 

Study II investigated whether millisecond variability in a simple, automatic timing task, 
isochronous tapping and intellectual performance share any neuroanatomical substrates.  
First the neuroimaging results are presented for each component separately and then for 
the areas where the two components overlapped, supporting the idea that there may be 
shared underlying mechanisms.   
 
4.1.2.1 Intelligence and regional brain volumes 

Correlations with brain anatomy were first investigated with exploratory  

 ISIP variability component 

Experiment 1 CV 
Total Local Drift WP1 WP2 WP3 WP4 

Ravens Scores -0.42 -0.44 -0.41 -0.41 -0.36 -0.37 -0.38 

Ravens Scores 
(age corrected) -0.43 -0.45 -0.42 -0.39 -0.37 -0.39 -0.38 

Experiment 2  

Ravens Scores -0.38 -0.44 -0.36* -0.41 -0.38 -0.39 -0.40 

Ravens Scores 
(age corrected) -0.36* -0.42 -0.35* -0.40 -0.38 -0.39 -0.38 
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analyses in the whole GM and WM volumes.  Positive correlations between 
intelligence and GM volume were widespread but most extensive in frontal and 
parietotemporal association areas, in particular right prefrontal cortex (Fig. 1, Table 1- 
in Study II). When controlling for age, trends at p=0.07– 0.08 were found in the same 
clusters (Table 1 – in Study II).   These results are in line with other reports of positive 
correlations between psychometric intelligence and regional brain volume in 
widespread cortical areas (Reiss et al., 1996; Frangou et al., 2004; Haier et al., 2004, 
2005; Colom et al., 2006; Shaw et al., 2006).  And, the overall pattern of correlations, 
with large clusters in right prefrontal and temporoparietal association areas, replicates 
remarkably well the pattern found in another study using a similar sample of adult male 
subjects (Haier et al., 2005). 
 
Trends for positive correlations between intelligence and WM volume did not reach 
significance ( p = 0.12) in a whole-brain search. No negative correlations were found 
between intelligence and GM or WM volume in any regions.  
 
4.1.2.2 Timing variability and regional brain volumes 

The overall pattern of correlations, with ISIP variability and regional brain volumes 
CV correlated negatively with WM volume in frontal, temporal, and parietal fiber tracts 
(Table 2). These correlations were still significant when controlling for age, with the 
exception of a few peaks in which strong trends at p = 0.06–0.07 were found (Table 2 – 
in Study II). No previous studies have investigated neuroanatomical correlates of 
tapping variability. However, a negative correlation between intraindividual variability 
in reaction time and total WMV has been reported recently (Walhovd & Fjell, 2007), 
supporting that the amount of white matter is related to trial-to-trial variability in timed 
tasks.   
 
No negative correlations were found between CV and regional GM volume, nor were 
any positive correlations found between CV and GM or WM volume in any regions.  
 
4.1.2.3 Overlap between ISIP and intelligence in regional brain volumes 

Second, we investigated the overlap between intelligence and CV correlates. When 
reducing the search volume to those WM voxels that correlated negatively with CV, 
significant positive correlations with Raven scores were found in right dorsal and 
ventral prefrontal fiber tracts and in a small cluster in left ventral prefrontal cortex (Fig. 
7, Table 3 – in Study II).   All clusters remained significant when controlling for age.   
The overlapping clusters found generally support Jung & Haier’s P-FIT model of 
intelligence and suggest a bottom-up explanation for the link between chronometric and 
psychometric tasks: more extensive right prefrontal connectivity causes better 
performance in both types of behavior. Indeed, it has been proposed recently that the 
right prefrontal cortex contains neural circuits that are critical for both timing tasks and 
working memory, on the basis of convergent evidence from neuroimaging studies, 
pharmacological experiments, and animal electrophysiology (Lewis & Miall, 2006). 
Working memory capacity is closely related to psychometric general intelligence 
(Kyllonen & Christal, 1990).  
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Figure 7.  Showing overlapping areas in prefrontal white matter that were negatively associated with 
ISIP variability (red clusters, p <0.05, corrected) and positively associated with intelligence (blue clusters, 
p <0.05, corrected).  Clusters are rendered on coronal and sagittal sections. Coordinates in standard space 
are given above each section. Scatter plots show correlations between regional volume (first 
eigenvariate of the cluster) and intelligence or temporal variability for the clusters in the right middle and 
inferior frontal gyri marked with dashed circles.   
 
4.1.2.4 Commonality analysis 

Table 3 from Study II also shows, for each overlapping cluster, commonality analyses 
of multiple regressions, with intelligence as the dependent variable and CV and 
regional white matter volume as independent variables. Cluster volume and CV 
commonly predicted 15% of the intelligence variance, whereas cluster volume uniquely 
predicted an additional 7–15% of intelligence. There were no unique contributions of 
CV to intelligence, and no significant correlations with CV were found in the GM 
voxels that correlated with intelligence.    
 
The fact that the portion of intelligence variability explained by tapping variability was 
entirely shared with regional white matter volume, whereas the latter variable also had 
unique contributions to intelligence variability suggests that a larger amount of right 
prefrontal white matter may thus be the common neurobiological factor underlying 
correlated individual differences in temporal accuracy and intellectual performance.  
 

4.1.3 Possible neural mechanisms of ISIP x intelligence relationship  

Behavioral data from Study I (the bottom-up evidence outlined in section 4.1.1) and 
others show that Local ISIP variability is relatively independent of cognitive control 
(Lewis & Miall, 2003; Repp, 2006; Madison & Merker, 2004, 2005; Michon,1966; 
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Nagasaki, 1990).   The neuroimaging data in Study II, demonstrating that performance 
on a test of mental ability and timing variability have overlapping correlates in 
prefrontal white matter, further supports the idea that bottom-up processes play a more 
prominent role in the intelligence × timing relationship.  Much work is needed to 
understand how temporal variability could underlie intelligence.  Some generic 
possibilities are worth mentioning however.   
 
4.1.3.1 Individual differences in plasticity mechanisms 

First, millisecond differences in the timing of pre- and post- synaptic neuronal action 
potentials have profound influences on synaptic plasticity (Kampa et al., 2007).  A 
relation between intelligence and neural plasticity is suggested by the fact that the 
“general learning ability”, i.e. the common factor underlying the positive co-variation 
among a battery of learning tasks, is highly related to general intelligence (Jensen, 
1998).  For a comprehensive discussion of individual differences in neural plasticity as 
a possible factor underlying intelligence, see Garlick (2002).   An individual with 
poorly timed synaptic action potentials could in this account, have a decreased ability 
for learning or retaining knowledge.  This general disability could then show up both as 
increased variability in a timing task, and decreased general cognitive ability. 
 
4.1.3.2 Individual differences in neurochemistry 

Another highly plausible possibility is clearly that dopaminergic mechanisms provide a 
link between the timing and cognitive ability (Lustig et al., 2005).  Large bodies of 
literature show that dopaminergic neurotransmission is involved in both prefrontal 
functions related to cognition (Miller & Cohen, 2001; Nieoullon, 2002; Bäckman et al, 
2006; Cropley et al., 2006) and timing (Rammsayer, 1997; Buhusi & Meck, 2005; 
Lewis & Miall, 2006; Meck, 2006).  Administration of dopaminergic drugs has been 
shown to simultaneously affect timing and working memory (another important 
component underlying cognitive ability) (Buhusi & Meck, 2007).   
 
However, the association of both timing variability and intelligence with increased 
prefrontal white matter found in Study II also suggests an additional possibility.  A 
larger prefrontal white matter volume presumably reflects an additional number of 
corticocortical connections.  Glutamatergic corticocortical connections have been 
shown to be of importance for synchronization of cortical neural activity (Traub et al., 
2004). 
 
4.1.3.3 Individual differences in neural synchronization 

Furthermore, a large literature demonstrates that coordination of neuronal activity in the 
millisecond range, within and between brain regions (synchronization), is essential for 
a broad range of cognitive functions, such as working memory, perceptual binding and 
awareness, and attention (Singer, 1999; Fries, 2005; Uhlhaas & Singer, 2006).  
Abnormal patterns of neuronal synchronization are associated with cognitive deficits in 
both schizophrenia and Alzheimer’s disease (Uhlhaas & Singer, 2006).  Increased 
prefrontal connectivity may lead to more temporally stable neural activity, which is 
reflected in automatic timing tasks, but more importantly gives a generally increased 
capacity to form temporally well coordinated discharges in prefrontal neuronal 
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networks.  This in turn could affect intelligence through its effects on the performance 
of cognitive operations that are dependent on neural on neural synchrony in the 
millisecond range.  
 
4.1.3.4 Individual differences in general temporal accuracy of neural activity 

It may seem paradoxical that repetitive motor timing tasks, such as the tapping task 
used here, involve prefrontal mechanisms less than perceptual timing tasks that do not 
involve repetitive production of rhythms (Lewis and Miall, 2003). However, individual 
difference studies have demonstrated that tapping variability is substantially correlated 
with accuracy in perceptual time judgment tasks (Keele et al., 1985). We therefore 
suggest that tapping variability represents a general temporal accuracy of neural 
activity, which is reflected in different timing tasks but which is also related to 
cognitive function. This variability can be measured as Local variability during ISIP 
but, we propose, is also present more broadly in neural processes that are involved in 
cognition.  
 
 
4.2 NEURAL UNDERPINNINGS OF PERSONALITY 

This section will present the results and discussion of evidence about the neural 
underpinnings of two personality traits, Neuroticism (Study III) and Extraversion 
(Study IV). 
 

4.2.1 Correlations between Neuroticism and ISIP 

Results from Study I and II have revealed the presence of primarily bottom-up 
processes in the relationship between intelligence and timing accuracy – intelligence  
being most highly correlated with the Local portion of timing variance.  Study III 
demonstrates that low Neuroticism is also moderately correlated with timing accuracy, 
but shows the opposite correlation pattern i.e. stronger correlations are seen between N 
and Drift.  The implications of this association and indications of possible top-down 
control processes that may lie behind it, are discussed.  Finally possible neural 
mechanism are speculated on. 
 
The findings in this study, taken in conjunction with evidence from earlier literature, 
suggest that the relationship between temporal variability and N may be more closely 
related to top-down than to bottom-up processes.   
 
1.  The significant correlation between N and the portion of ISIP timing variance called 
Drift was the first piece of evidence that suggested that top-down processes may be 
primarily responsible for the observed correlations.  While Local represents interval-to-
interval variability, Drift is essentially composed of the remaining ISIP variance, i.e. it 
is influenced by both gradual changes in beat frequency and other long-range serial 
dependencies between intervals (see e.g. Madison, 2004; Madison, 2006).  Drift is the 
portion of ISIP variance that ADHD children show the most variability on compared 
with age-matched controls, indicating that a deficiency in attentional control, a top-
down process, is likely to lie behind this relationship.  From Table 2 it can be seen that 
the only significant correlation was between Drift and N (Anxiety). This finding 
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extends the work of Robinson and colleagues (Robinson & Tamir, 2005), by 
demonstrating that N is related to variability in the performance not only of choice 
reaction time tasks and other elementary cognitive tasks, but also in a simple timing 
task. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 2.  Correlations between personality scores and ISIP variability components. 
*this correlation was significant at p <0.05. 
 
2.  Next, the pattern of correlations across the different IOIs in the test battery grew 
stronger as they approached the upper limits of automatic temporal processing (Lewis 
& Miall, 2003).  The correlations did peak just under the lower limit for cognitive 
temporal processing, but it should be kept in mind that this data came from a small 
sample size.  On the other hand, although the sample studied here is relatively small, 
the relations between ISIP variability and both N and intelligence were replicated 
across IOIs, which indicates that they are robust (see also Madison et al., 2008). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 8.  Correlations of Neuroticism with Local and Drift from Experiment 2.  Correlations with Drift 
are higher than with Local across all IOIs but especially in the ranges approaching 1s. 
 

 ISIP variability component 
 CV(total) Local Drift 

Independence 
 0.00 -0.15 0.05 

Self-control 
 -0.02 0.01 0.02 

Extraversion 
 0.04 -0.05 -0.11 

Anxiety 
(Neuroticism) 0.28 0.09 0.42* 

Tough-
mindedness 0.07 0.14 0.04 
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3.  Finally, in order to further analyze the contributions of Local and Drift to variability 
in N a commonality analysis was performed. The unique and common contributions of 
Local and Drift to N variance was analyzed.  While the Local component had no 
unique contribution to N, Local and Drift to N variance were as follows: uLocal = 0.00; 
uDrift = 0.15; c =0.18. In other words, there was a substantial commonality, but only 
Drift contributed uniquely to N. 
 
4.2.1.1 Possible neural mechanisms affecting the timing × personality relationship. 

Both top-down and bottom-up types of explanations could be imagined for the N × 
Drift correlation. However, children with the diagnosis attention deficit hyperactivity 
disorder (ADHD) have recently been found to have higher variability in Drift than in 
Local when compared with an age-matched control group (Jucaitė et al., 2008). Given 
that ADHD is characterized by poor top-down control, such as attention deficits, it 
appears likely that the N × Drift correlation is at least in part is due to top-down 
processes also for healthy adults. 
 
Two further observations support this idea. Flehmig and coworkers (Flehmig et al., 
2007) found positive correlations between N and general cognitive failure liability, 
measured with the Cognitive Failures Questionnaire. The strongest correlations were 
between N and a subscale called Unintended Activation (r = .40). These results suggest 
that unintended activation of task-irrelevant cognitive processes from associative 
memory is one cause of cognitive instabilities associated with N. On this account, task-
irrelevant cognition could lead to a poorer performance in ISIP both because one is less 
attentive on the task at hand and because one’s memory for previous interval lengths is 
compromised.  
 
Recent studies indicate that short-term memory of previously produced temporal 
intervals is important for ISIP performance, in particular for Drift, i.e. that each interval 
is generated with reference to previous output. This memory window or integration 
span in ISIP includes several of the most recently intervals (Madison & Delignières, 
2008). We suggest that high N leads to more frequent cognitive failures that affect 
processing of recently produced intervals in short-term memory, which in turn leads to 
errors in ISIP production that are correlated across several intervals, i.e. Drift. Although 
the findings in the present study were stable across IOIs, an important next step will be 
to replicate the results in a larger sample as well as to investigate whether similar 
mechanisms underlie the correlations between N and variability in elementary 
cognitive tasks. 
 
In conclusion, some part of the relationship discovered in this study between N and 
timing variability appears likely to be at least partially under the control of top-down 
processes due to significant correlations with Drift across all IOIs administered, a 
pattern of correlations whose peak is located near 1s (considered to be a lower limit for 
cognitive processing as mentioned earlier) and the fact that only Drift contributed 
uniquely to N in the commonality analysis.   Again it should be stressed that the 
number of participants in the study was modest.  Therefore replication of these results 
in a group containing more participants and including both males and females will be 
important. 
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4.2.2 Neural anatomical correlates of Extraversion 

Study IV investigated the relationships between N and regional brain volumes in gray 
and white matter.  Clusters of significance were found in both gray and white matter 
although the areas of significance in white matter were many more, every lobe being 
represented as well as the cerebellum.  Exploratory analyses were performed 1) to 
explore the relationships above with regional density, i.e. using unmodulated brain 
images and, 2) to explore relationships between regional brain volumes and the four 
other global factors in the 16PF.  Finally the results are discussed in terms of what 
increases in GM and WM brain volume could mean, how these results compare with 
other studies in the area and whether they are in agreement with a few of the leading 
personality theories. 
 
4.2.2.1 Correlations between E and regional gray matter volume 

Negative correlations between GM volume and Extraversion were widespread (Fig. 1, 
Table 2).  Scatter plots in Fig. 8 show the relation between the first eigenvariate of the 
cluster, which corresponds to the mean voxel intensity, and Extraversion for three 
major clusters (1-3 in Fig. 9 and Table 1 – in Study IV). In the frontal lobe, clusters 
were found in the superior and middle frontal gyri on both the left (cluster 1, Fig. 9) and 
right (cluster 2, Fig. 9) sides. In the parietal lobe, larger clusters were located around 
the right parieto-temporal junction in the supramarginal and angular gyri (cluster 3, Fig. 
9). Smaller clusters were found in the temporal and occipital lobes and subcortically in 
the caudate nucleus and thalamus; for further details, see Table 2 – in Study IV.  
 
When controlling for both age and total GM volume, trends (P-values between 0.07 and 
0.14) were still found in all clusters (Table 2 – Study IV). No correlation was found 
between total GM volume and Extraversion (r = -0.22; n.s.). Neither was any positive 
or negative relation found between GM density and Extraversion.  Finally, no positive 
correlations were found in any brain regions, even when investigating non-significant 
trends using more liberal thresholds (P = 0.2). 
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Figure 9.  Gray matter regions in which regional volume correlated negatively with 
Extraversion. Surface rendering of clusters significant at 0.05 (corrected). Scatter plots show 
correlations between regional volume scores and Extraversion for the three indicated clusters (1-3). 
Abbreviations: AG, angular gyrus; MFG, middle frontal gyrus; SFG, superior frontal gyrus; SMG, 
supramarginal gyrus. Detailed data for all clusters is given in Table 2 – Study IV.  
 
4.2.2.2 Correlations between E and regional white matter volume 

Secondly, we examined relations between regional white matter (WM) volume and 
Extraversion, controlling for age.  Negative correlations between Extraversion and WM 
volume were extensive and bilateral, and included the corpus callosum and large 
portions of the frontal, parietal and cerebellar WM, extending inferiorly into the rostral 
brainstem and superiorly in the internal capsule to the superior frontal lobe (Fig. 9, 
Table 3 – Study IV). Correlations were less extensive in the temporal and occipital 
WM.  For a detailed description, see Table 3 – Study IV.  As for gray matter, no 
positive correlations were found, even at liberal thresholds (P = 0.2). When controlling 
for both age and total WM volume, only weak trends (p-values between 0.15 and 0.2) 
were still found for a few clusters. Total WM volume showed a significant negative 
correlation with Extraversion (r = -0.43; p = 0.01). No relations, positive or negative, 
were found between WM density and Extraversion.   
 
4.2.2.3 Exploratory analysis of Cattell’s other four global factors 

Finally, relations between GM and WM volume and the four other global Cattell 
factors (i.e. Tough-mindedness, Independence, Anxiety and Self-control) were 
examined for exploratory purposes. No positive or negative correlations were found. 
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Figure 10.  White matter regions in which regional volume correlated negatively with Extraversion. 
Clusters, significant at 0.05 (corrected), are projected on coronal, axial and sagittal sections. Coordinates 
in standard space are given above each section. The color scale represents t-values. Detailed data for all 
clusters is given in Table 3 – Study IV. 
 
4.2.2.4 Extraversion and brain anatomy – general considerations 

The present study shows that Extraversion is correlated with regional volume in a 
number of brain regions in both GM and WM.  A larger regional volume could depend 
on a larger volume of both neural and non-neural tissue.  However, studies on musical 
expertise show that quality of performance (e.g. pitch ability) as well as amount of 
training are positively related to the volume of brain regions that are involved in the 
performance of musical tasks (Gaser and Schlaug, 2003; Schneider et al.,  2002, 2005). 
Furthermore, animal studies show that increases in regional brain volume as a 
consequence of long-term training are partly due to growth of neuropil and 
synaptogenesis (Kleim et al., 2004). Here, we study regional volume differences related 
to a personality trait rather than to training or expertise. Still, it seems reasonable to 
assume that also these structural differences at least in part are due to local differences 
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in the amount of neural tissue, which in turn could reflect differences in processing 
capacity or degree of activity of neural circuits in the same regions.   
 
4.2.2.5 Extraversion and regional gray matter volume (Fig. 9) 

Extraversion was uncorrelated with total gray matter volume, and strong trends for 
correlations between Extraversion and regional volume remained when controlling for 
total gray matter volume, so these correlations therefore appear to represent largely 
regional rather than global effects. The majority of these clusters are located in the 
frontal, parietal and temporal lobes of the right hemisphere. This is in line with a large 
literature on functional cerebral asymmetry, which shows that the right hemisphere is 
more involved in different components of the BIS, i.e. withdrawal behavior, negative 
emotional valence and individual oriented rather than affiliative emotions (Craig, 2005; 
Davidson, 2004; Demaree et al., 2005; Wright et al., 2006). The findings are consistent 
with earlier studies that have found, for the right middle frontal gyrus, negative 
relations between Extraversion and cortical thickness (Wright et al., 2006), as well as 
been between BAS drive and regional volume (Barrós-Loscertales et al., 2006).  
 
Several of the observed regions have been reported to be involved in various aspects of 
social cognition (Ochsner, 2008). One such aspect is recognition of social-affective 
stimuli and social judgment. Inferior parietal regions have thus been found to be 
activated when politically active participants view pictures of politicians from an 
opposing party (Kaplan et al., 2007). The right middle frontal gyrus as well as cortical 
regions around the right parietotemporal junction are deactivated when participants 
view pictures of faces of individuals that arouse feelings of either romantic love 
(Bartels & Zeki, 2000, 2004) or maternal love (Bartels and Zeki, 2004).   
 
Secondly, Saxe and coworkers have, in an important set of studies, (see e.g. (Saxe and 
Powell, 2006; Saxe and Wexler, 2005)) argued that cortical regions around the right 
temporo-parietal junction are essential for reasoning about the contents of other 
people’s minds, and the attribution of mental states to other individuals. The social 
withdrawal of introverts includes both low affiliation, i.e. a tendency to form less warm 
and close interpersonal bonds, and low agency - a tendency to be less dominant and 
assertive in social situations (Depue & Collins, 1999). One could speculate that these 
behavioral patterns are related to functional differences in networks involved in social 
reasoning and negative social judgment which, in turn, are reflected in regional volume 
differences in the involved brain regions. 
 
4.2.2.6 Extraversion and regional white matter volume (Fig. 10) 

We found low Extraversion scores, i.e. Introversion, to be related to larger WM volume 
in widespread areas, extending from the upper brain stem to the frontal and parietal 
lobes. This may to a large extent be due to a larger overall white matter volume in 
introverts: total white matter volume showed a negative relation to Extraversion, and 
correlations with regional white matter volume were not significant when controlling 
for total white matter volume.  Eysenck (1967) originally suggested that one 
mechanism underlying Introversion is a higher baseline level of arousal, due to a 
stronger influence of ascending reticular pathways that have widespread, diffuse 
projections to the neocortex. In line with this general idea, one could speculate that the 
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present findings partly reflect that introverts have a larger number of ascending 
reticulo-cortical projections, which could imply a stronger influence of ascending 
brainstem pathways on the cortex. It has to be noted, however, that the classical view of 
a single, non-specific ascending reticular “arousal” system has been known to be 
oversimplistic for a long time (Robins, 1997). In reality, a number of monoaminergic 
and cholinergic systems with different functional roles project to widespread cortical 
regions from different sets of nuclei in the brainstem. Among these systems, ascending 
dopaminergic projections have in particular been coupled to Extraversion, through their 
modulatory control of brain regions involved in the BAS system and positive affect (for 
extensive reviews see Depue & Collins, 1999; DeYoung et al., 2005). Whether the 
differences in white matter volume found in the present study are specifically related to 
dopaminergic fibers is obviously impossible to tell. 
 
4.2.2.7 General conclusion 

The present findings suggest that individual differences in Extraversion are related to 
individual differences in brain anatomy, i.e. regional volume, in a number of gray and 
white matter regions. Several of these regions are known from previous work to be 
involved in social cognition and the regulation of behavioral approach and withdrawal. 
The fact that most regions that showed a large regional volume in introverts were 
located in the right hemisphere is consistent with well-established patterns of 
hemispheric asymmetries in the control of approach and withdrawal – behavioral 
patterns which are predominantly related to the left and right hemispheres, respectively.  
 
Widespread increases in white matter volume in regions from the brain stem to the 
fronto-parietal cortex in introverts may reflect an increased number of ascending 
reticulo-cortical fibers. The findings can thus be said to be broadly consistent with an 
earlier literature suggesting that Extraversion is related to individual differences in the 
BAS and the BIS, including their ascending modulatory systems. Correlations with 
cortical regions around the temporo-parietal junction suggests the possibility that 
individual differences on the Introversion-Extraversion dimension may include 
differences in neural networks involved in theory of mind and processing of socially 
relevant stimuli. 
 
We would like to emphasize, however, that conclusions about relations between 
Extraversion and regional brain structure still have to be made with caution, given the 
partly inconsistent picture provided by the literature in toto (see Table 1 – Study IV). 
This picture could depend on many factors, including differences between studies in 
demographical variables and morphometrical measurements. A second important issue 
is presumably that self-report measures of Extraversion are far from perfect measures 
of actual, real-life behavior on the Extraversion-Introversion dimension. A recent 
metaanalysis (Connolly et al., 2007), thus found the mean sample-weighted correlation 
between self ratings and observer ratings of Extraversion, across 50 studies, to be a 
modest r = 0.45 (r = 0.62 after correcting for unreliability in the measures). It may well 
be, therefore, that future studies employing more direct measures of differences in 
extravert behavior would give more consistent relations to brain anatomy.  In short, 
further studies will be required to completely understand the role of Extraversion and 
its structural neural correlates.  
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5 FUTURE DIRECTIONS 
 
5.1 FURTHER INVESTIGATION OF THE ISIP TASK 

1.  A theoretically interesting question that relates to our groups' work on expertise, is 
how the intelligence-timing relation is affected by long-term training of rhythmic tasks. 
We therefore plan to investigate the ISIP-intelligence relation in a group of participants 
with varying degree of musical training, ranging from no experience to professional 
musicians. Three outcomes appear possible: (i) That the relation is the same in 
musicians and non-musicians, i.e. that they fall on the same regression line.  (ii) That 
musicians are overall more stable in ISIP, but still show a linear relation between ISIP 
variability and intelligence. Both (i)and (ii) appear as a possible scenarios a priori. They 
would imply that musical training does not affect the portion of ISIP variance that is 
related to intelligence, which appears plausible, given that few, if any, programs to raise 
intelligence with long-term training have proved successful. A third possibility, would 
be (iii) that musicians show no relation between ISIP variability and intelligence or a 
significantly smaller slope in the relation. This would imply that training affects the 
component of ISIP variability that is intelligence related. 
 
2.  Use patient groups like anxiety patients to further explore the role of timing 
variability in affective disorders.  The participants investigated in these studies had no 
history of psychiatric care.  It would be of interest to investigate subjects with extreme 
levels of Neuroticism as well as subjects with Neuroticism-related anxiety disorders, to 
see if temporal accuracy is related to affective problems in clinical groups. 
 
3.  Use older participant groups to observe if the slow changes in cognition that occur 
with aging are related to changing relationships between intelligence and Local and 
Drift.  Aging is related to a decline in g/gF. Does this involve an increase in temporal 
variability as measured by the ISIP?   
 
4.  Use different tests of intelligence like the WISC which would allow the 
investigation of relationships between the ISIP task and more specific abilities. 
 
5.2 FURTHER NEUROIMAGING EXPLORATIONS 

1.  Examine the relationship between N and Drift with VBM in the same manner that 
timing variance and intelligence were explored in Study II.  Look for structural 
neurocorrelates of the Drift and see whether any of them overlap with neurocorrelates 
of N. 
 
2.  Explore further the areas of overlap seen in Study II, with neuroimaging techniques 
especially designed for the examination of white matter, like diffusion tensor imaging 
and/or fiber tracking methods. 
 
 
 

 



 

40 

6 ACKNOWLEDGEMENTS 
It was the French philosopher, Bernard of Chartres that first said way back in the 12th 
century, ”We are like dwarfs standing on the shoulders of giants”.  This describes so 
accurately how I feel.  So here is a list of giants on whose shoulders I have stood and 
continue to stand.  A huge thanks too all of you – I hope to be able to return the favor 
some day.  I apologize to all the giants I may miss.  You anyway know who you are. 
 
To my father and mother, David and Elrena Farring (the collective source quite 
literally of my persistence and lots of other good things) whose support through my 
entire life but especially the last five years has come in too many forms to mention but 
is SO appreciated.     
 
To my brothers and sisters, Maria, Duane, Alicia and Steven for providing me very 
early on with an environment of extreme competition in which only the strongest and 
loudest could survive, and more recently for inspiring me with the goal-directed and 
energetic way in which you lead your lives and raise your children. 
 
To my own little family, my patient, longsuffering husband Staffan and my smart, 
beautiful girls Madeleine and Charlotte for their love and sacrifice.  Du har alldeles 
rätt Madeleine, barn är viktigare än någon dumma bok – tack för påminnelsen! 
 
To my teachers and professors from kindergarten through university who taught me to 
love the process of transferring knowledge from one mind to another. 
 
To my first scientific supervisors Kent Anger and Diane Rohlman, who instilled in 
me the necessity of being thorough and gave me the tools to reach this objective.  
Contact with you both during my formative years has given me a firm foundation to 
judge what “good science” looks like. 
  
To my supervisors: 
Fredrik Ullén – for the chance to realize my dreams, inspiration, for believing in me 
and my abilities, for laughs along the way, and for the best tee-shirt collection known to 
mankind – long live baby Einstein! 
 
Hans Forssberg – for quick chats and adv§ice in the hall - thanks for always managing 
to squeeze me in despite your impossible schedule. 
 
Guy Madison – for inspiration, advice and for being a great human being who attempts 
to tread lightly on this planet. 
 
To Brigitte Vollmer, a good friend, inspirational colleague and mentor.  Thanks for 
answering all my stupid question about neural imaging and for providing a quiet refuge 
for the construction of this thesis! 
 
To the participants in all of my studies – science would not be possible without your 
contribution.      



 

  41 

 
To my second family here in Stockholm, Shaheena, Asif, Madiha and Usman who 
have mothered my little Charlotte when I was at busy with my projects and who have 
provided a home-away-from-home for my entire family. 
 
To my friends Sinead, Becky, Stephanie and Charleen who have listened to too many 
excuses of why I can’t come to this event or that or why I have had to cancel – I hope 
you remember who I am.  I have missed you so much!! 
 
To all my colleagues on floor 7 of ALB, Örjan, Anke, Nelli, Linda, Johan, Åsa, 
Anki, Lena, Charmin and Patty for support, informal scientific discussions and great 
laughs.  
 
To my lab siblings Örjan Blom and Anke Karabanov – thanks for the support and 
encouragement and try not to think too hard about those pesky sibling-order statistics!  
To my “big sister” Sara Bengtsson – thanks for filling me in on all the information 
that’s never written down anywhere but that one needs to know in order to succeed in 
science. 
 
To the best support people on the planet – None-Marie Kemp and Mikael Dahn.  
Famous for answering questions and finding solutions to problems with a smile on their 
faces.  Thanks SO much for all your help!! 
 
A special thank you to Frimurarna and Solstickan for the scholarships that were so 
important for the success of this thesis and quite possibly for my future in science.    



 

42 

7 REFERENCES 
 
Aluja A & Blanch A (2004) Replicability of first-order 16PF-5 factors: an analysis of 
three parcelling methods. Personal Individ Diff 37:667-677. 
 
Bäckman L, Nyberg L, Lindenberger U, Li SC, Farde L (2006) The correlative 
triad among aging, dopamine, and cognition: current status and future prospects. 
Neurosci Biobehav Rev 30:791– 807. 
 
Barrós-Loscertales A, Meseguer V, Sanjuán A, Belloch V, Parcet MA, Torrubia R, 
Avila C (2006) Striatum gray matter reduction in males with an overactive behavioural 
activation system. Eur J Neurosci 24:2071-2074. 
 
Bartels A, Zeki S (2000) The neural basis of romantic love. NeuroReport 11:3829-
3834. 
 
Bartels A, Zeki S (2004) The neural correlates of maternal and romantic love. 
NeuroImage 21:1155-1166. 
 
Bengtsson SL, Nagy Z, Skare S, Forsman L, Forssberg H, Ullén F (2005)  Extensive 
piano practicing has regionally specific effects on white matter development.  Nature 
Neuroscience 8(9):1148-50. 
 
Bouchard T Jr. & McGue M (2003) Genetic and environmental influences on human 
psychological differences.  Journal of Neurobiology (2003) 54:4-45. 
 
Buhusi CV, Meck WH (2005) What makes us tick? Functional and neural mechanisms 
of interval timing. Nat Rev Neurosci 6:755–765. 
 
Bulmer, Michael (2003) Francis Galton: Pioneer of heredity and biometry.  
Baltimore:Johns Hopkins University Press. 
 
Canli T (2004) Functional brain mapping if extraversion and Neuroticism: learning 
from individual differences in emotional processing.  J Pers 72(6):1105-32. 
 
Carroll JB (1993)  Human Cognitive Abilities : A survey of factor analysis studies. 
Cambridge: Cambridge University Press. 
 
Cattell RB (1965) The Scientific Analysis of Personality. London: Penguin.  
 
Cattell RB, Eber HW, Tatsuoka M (1970) Handbook for the Sixteen Personality Factor 
Questionnaire. Champagne, Ill.: Institute for Personality and Ability Testing. 
 
Cattell RB (1971) Abilities: Their structure, growth, and action. New York:  
Houghton Mifflin. ISBN 0395042755.  
 



 

  43 

Cloninger CR (1987) A systematic method for clinical description and classification of 
personality variants. Arch Gen Psychatry 44:573-588. 
 
Cloninger CR (1994) Temperament and personality. Cur Op Neurobiol 4:266-273. 
 
Colom R, Jung RE, Haier RJ (2006) Distributed brain sites for the g-factor of 
intelligence. NeuroImage 31:1359 –1365.   
 
Connolly JJ, Kavanag EJ, Viswesvaran C (2007) The convergent validity between self 
and observer ratings of personality: A meta-analytic review. Int J Selection Assess 
15:110-117. 
 
Coyle TR (2003) A review of the worst performance rule: Evidence, theory and 
alternative hypotheses. Intelligence 31: 567−587. 
 
Craig AD (2005) Forebrain emotional asymmetry: a neuroanatomical basis? Trends 
Cogn Sci 9:566-571. 
 
Cropley VL, Fujita M, Innis RB, Nathan PJ (2006) Molecular imaging of the 
dopaminergic system and its association with human cognitive function. 
Biol Psychiatry 59:898 –907. 
 
Cuadra MB, Cammoun L, Butz T, Cuisenaire O, Thiran JP (2005) Comparison 
and validation of tissue modelization and statistical classification methods in T1-
weighted MR brain images. IEEE Trans Med Imaging 24:1548 –1565. 
 
Davidson RJ (2004) Well-being and affective style: neural substrates and 
biobehavioural correlates. Philos Trans R Soc Lond B Biol Sci 359:1395-1411. 
 
de Fruyt F, Van de Wiele L, Van Heeringen C (2000) Cloninger's psychobiological 
model of temperament and character and the five-factor model of personality. Personal 
Individ Diff 29:441-452. 
 
Demaree HA, Everhart DE, Youngstrom EA, Harrison DW (2005) Brain lateralization 
of emotional processing: historical roots and a future incorporating "dominance". 
Behav Cogn Neurosci Rev 4:3-20. 
 
Deary IJ (2000) Looking down on human intelligence: From psychometrics to the 
brain. Oxford: Oxford University Press. 
 
Demetriou A, Kyriakides L, Avraamidou C (2003) The missing link in the relations 
between intelligence and personality. J Res Personal 37(6): 547-581. 
 
Depue RA & Collins PF (1999) Neurobiology of the structure of personality: 
dopamine, facilitation of incentive motivation, and extraversion. Behav Brain Sci 
22:491-569. 
 
DeYoung CG, Peterson JB, Higgins DM (2005) Sources of Openness/Intellect: 



 

44 

Cognitive and neuropsychological correlates of the fifth factor of personality J 
Personality 73:825-858. 
Draycott SG & Kline P (1995) The Big Three or the Big Five—the EPQ-R vs the 
NEO-PI: a research note, replication and elaboration. Personal Individ Diff 18: 801-
804. 
 
Ericsson KA, Krampe RT, Tesch-Römer, C (1993) The role of deliberate practice in 
the acquisiotion of expert performance.  Psychological Review 100(3):363-406. 
 
Eysenck HJ (1967) The biological basis of personality. C.C. Thomas, Springfield. 
 
Eysenck HJ (1991) Dimensions of personality: 16, 5 or 3? - criteria for a taxonomic 
paradigm. Personal Individ Diff 12:773-790. 
 
Finkel D, Pedersen NL, McGue M, McClearn GE (1995) Herritability of cognitive 
abilities in adult twins: comparison of Minnisota and Swedish data.  Behav Genet 
25(5):421-31. 
 
Flehmig HC, Steinborn M, Langner R, Westhoff K (2007). Neuroticism and the mental 
noise hypothesis: relationships to lapses of attention and slips of action in 
everyday life. Psychol Sci, 49:343-360. 
 
Forsman L, Blom Ö, Karabanov A, Madison G, Ullén F. Differences in regional brain 
volume related to the extraversion-introversion dimension – a voxel based 
morphometry study. NeuroImage (article in review). 
 
Fraisse, P. (1982). Rhythm and tempo. In D. Deutsch (Ed.), The psychology of music 
(pp. 149−180). New York: Academic Press. 
 
Frangou S, Chitins X, Williams SC (2004) Mapping IQ and gray matter density in 
healthy young people. NeuroImage 23:800–805. 
 
Fries P (2005) A mechanism for cognitive dynamics: neuronal communication 
through neuronal coherence. Trends Cogn Sci 474–480. 
 
Friston KJ ed. (2007) Statistical Parametric Mapping: The analysis of functional brain 
images.  London:Elsevier Publishers. 
 
Galton F (1883) On an apparatus for testing the delicacy of the muscular and other 
senses in different persons.  J of the Anthropological Institute 12:469-77. 
 
Gardner H (1983) Frames of mind: The theory of multiple intelligences.  New York: 
Basic Books. 
 
Garlick D (2002) Understanding the nature of the general factor of intelligence: The 
role of individual differences in neural plasticity as an explanatory mechanism. 
Psychological Review 109(1):116−136. 
 



 

  45 

Gaser C & Schlaug G (2003) Brain structures differ between musicians and non-
musicians. J Neurosci 23:9240-9245. 
 
Genovese CR, Lazar NA, Nichols T (2002) Thresholding of statistical maps 
in functional neuroimaging using the false discovery rate. NeuroImage 15:870–878. 
 
Good CD, Johnsrude IS, Ashburner J, Henson RNA, Friston KJ, Frackowiak RSJ 
(2001) A voxel-based morphometric study of ageing in 465 normal 
adult human brains. NeuroImage 14:21–36. 
 
Gray J A & McNaughton N (2000) The neuropsychology of anxiety: an inquiry into the 
functions of the septo-hippocampal system. Oxford: Oxford University Press. 
 
Grosjean M, Rosenbaum DA, Elsinger C (2001) Timing and reaction time. Journal of 
Experimental Psychology. General, 130:256−272. 
 
Gustafsson J-E (1984) A unifying model for the structure of intellectual abilities. 
Intelligence 8:179 –203. 
 
Haier RJ, Jung RE, Yeo RA, Head K, Alkire MT (2004) Structural brain variation and 
general intelligence. Neuroimage 23:425−433. 
 
Haier RJ, Jung JE, Yeo RA, Head K , Alkire MT (2005). The neuroanatomy of general 
intelligence: Sex matters. Neuroimage 25:320−327. 
 
Han Y, Yang H, Lv YT, Zhu CZ, He Y et al. (2008) Gray matter density and white 
matter integrity in pianist’s brain: A combind structural and diffusion tensor MRI 
study.  Neurosci Lett (E-pub ahead of print). 
 
Helmbold N, Troche S, Rammsayer T (2007) Processing of temporal and nontemporal 
information as predictors of psychometric intelligence: A structural-equation-modeling 
approach. Journal of Personality 75(5):985−1006. 
 
Hewig J, Hagemann D, Seifert J, Naumann E, Bartussek D (2006) The relation of 
cortical activity and BIS/BAS on the trait level. Biol Psychol 71:42-53. 
 
Hofer SM, Horn JL, Eber HW (1997) A robust five-factor structure of the 16PF: strong 
evidence from independent rotation and confirmatory factorial invariance procedures. 
Personal Individ Diff 23:247-269. 
 
Hunt E (2004) Information processing and intelligence: Where are we and where are 
we going? In R.J. Sternberg, J. Davidson, & J. Pretz (Eds) Cognition and Intelligence. 
L. Erlbaum Assoc. 
 
Hutchinson S, Lee LH, Gaab N, Schlaug G (2003) Cerebellar volume of musicians.  
Cereb Cortex 13(9):943-9. 
 



 

46 

Jensen AR (1992) The importance of intraindividual variation in reaction time.  
Personality and Individual Differences 13(8):869−881. 
 
Jensen AR (1998) The g factor. Westport: Praeger Publishers 
 
Jensen AR (2006) Clocking the mind: Mental chronometry and individual differences. 
Oxford, UK: Elsevier. 
 
Johnson W, Bouchard TJ, Krueger RF, et al. (2004) Just one g: consistent results from 
three test batteries.  Intelligence 32(1):95-107.  
 
Johnson WT & Bouchard TJ (2005) The structure of human intelligence: It is verbal, 
perceptual, and image rotation (VPR), not fluid and crystallized. Intelligence 33:393–
416. 
 
Johnson WT, Nijenhuis J, Bouchard TJ (2008) Still just 1 g: Consistent results from 
five test batteries.  Intelligence 36:81-95. 
 
Johnson W, Jung RE, Colom R, Haier RJ (2008) Cognitive abilities independent of IQ 
correlate with regional brain structure. Intelligence 36:18−28. 
 
Jucaitė A, Dahlström A, Farde L, Forssberg H, & Madison G. (submitted for 
publication). Time production in children with ADHD: Correlates to the central 
dopaminergic transmission. Biological Psychiatry. 
 
Jung RE & Haier RJ (2007) The Parieto-Frontal Integration Theory (P-FIT) of 
intelligence: Converging neuroimaging evidence. Behavioral and Brain Sciences 
30(2):135−154. 
 
Kaasinen V, Maguire RP, Kurki T, Brück A, Rinne JO (2005) Mapping brain structure 
and personality in late adulthood. NeuroImage 24:315-322. 
 
Kampa BM, Letzkus JJ, Stuart GJ (2007) Dendritic mechanisms controlling spike-
timing-dependent synaptic plasticity. Trends in Neurosciences 30(9):456−463. 
 
Kaplan JT, Freedman J, Iacoboni M (2007) Us versus them: political attitudes and party 
affiliation influence neural response to faces of presidential candidates. 
Neuropsychologia 45: 55-64. 
 
Keele SW, Pokorny RA, Corcos DM, Ivry R (1985) Do perception and motor 
production share common timing mechanisms: a correlational analysis. Acta Psychol 
60:173–191. 
 
Kleim JA, Hogg TM, VandenBerg PM, Cooper NR, Bruneau R, Remple M (2004) 
Cortical synaptogenesis and motor map reorganization occur during late, but not early, 
phase of motor skill learning. J Neurosci 24:628-633. 
 



 

  47 

Krieg EF, Chrislip DW, Letz RE, Otto DA, Crespo CJ, Brightwell WS, Ehrenberg RL 
(2001) Neurobehavioral test performance in the third National Health and Nutrition 
Examination Survey.  Neurotoxicology and Terotology 23(6):569-589.     
 
Kyllonen PC, Christal RE (1990) Reasoning ability is (little more than) working 
memory capacity? Intelligence 14:389–433. 
 
Lee DJ, Chen Y, Schlaug G (2003) Corpus callosum: musician and gender effects.  
Neuroreport 14(2):205-209.    
  
Lee J, Lyoo I, Kim S, Jang H, Lee D, et al. (2005). Intellect declines in healthy elderly 
subjects and cerebellum. Psychiatry and Clinical Neurosciences 59, 45-51.  
 
Lewis PA & Miall RC (2006) Remembering the time: A continuous clock.  Trends in 
Cognitive Sciences 10(9), 401−406. 
 
Lewis PA & Miall RC (2003) Distinct systems for automatic and cognitively controlled 
time measurement: Evidence from neuroimaging. Current Opinion in Neurobiology 
13(2):250−255. 
 
Lustig C, Matell MS, Meck WH (2005) Not “just” a coincidence: frontalstriatal 
interactions in working memory and interval timing. Memory13:441– 448. 
 
Madison G (2001) Variability in isochronous tapping: Higher-order dependencies as a 
function of inter tap interval. Journal of Experimental Psychology: Human Perception 
and Performance 27:411−422. 
 
Madison G (2004) Fractal modelling of isochronous serial interval production. Biol 
Cyb 90:105-112. 
 
Madison G & Merker B (2004) Human sensorimotor tracking of continuous subliminal 
deviations from isochrony. Neuroscience Letters 370:69−73. 
 
Madison G & Merker B (2005) Timing of action during and after synchronization with 
geometrically changing intervals. Music Perception 22:441−459. 
 
Madison G (2006) Duration-specificity in the long range correlation of human serial 
interval production. Physica D 216:301−306. 
 
Madison G & Delignières D (2008). Effects of auditory feedback on the long-range 
correlation of isochronous serial interval production. Exp Brain Res (in press). 
 
Madison G, Forsman L, Blom Ö, Karabanov A, Ullén F (2009) Correlations between 
intelligence and components of serial timing variability.  Intelligence 37:68–75.  
 
Maltby J, Day L, Macaskill A (2007) Personality, Individual Differences and 
Intelligence.  London:Pearson Education Ltd. 
 



 

48 

Mates J, Radil T, Müller U, Pöppel E (1994) Temporal integration in sensorimotor 
synchronization. Journal of Cognitive Neuroscience 6:332−340. 
 
Matthews G & Gilliland K (1999) The personality theories of H. J. Eysenck and J. A. 
Gray: a comparative review. Personal Individ Diff 26:583-626. 
 
McCrae RR, & Costa PT (1985) Comparison of EPI and psychoticism scales with 
measures of the five-factor model of personality. Personal Individ Diff 6(5):587-597. 
 
McCrae RR & Costa PTJ (1990) Personality in adulthood. New York: Guilford. 
 
McDaniel MA (2005) Big-brained people are smarter: a meta-analysis of the 
relationship between in vivo brain volume and intelligence. Intelligence 33:337–346. 
 
MeckWH (2006) Neuroanatomical localization of an internal clock: a functional 
link between mesolimbic, nigrostriatal, and mesocortical dopaminergic systems. Brain 
Res 1109:93–107. 
 
Michon JA (1966) Tapping regularity as a measure of perceptual motor load. 
Ergonomics 9:401−412. 
 
Miller EK, Cohen JD (2001) An integrative theory of prefrontal cortex function. 
Annu Rev Neurosci 24:167–202. 
 
Mühlau M, Rauschecker JP, Oestreicher E, Gaser C, Rottinger M, Wohlschlager AM, 
Simon F, Etgen T, Conrad B, SanderD (2006) Structural brain changes in tinnitus. 
Cereb Cortex 16:1283–1288. 
 
Nagasaki H (1990) Rhythm in periodic tapping is centrally produced. Perceptual and 
Motor Skills 71:985−986. 
 
Nieoullon A (2002) Dopamine and the regulation of cognition and attention. Prog 
Neurobiol 67:53– 83. 
 
Ochsner KN (2008) The social-emotional processing stream: five core constructs and 
their translational potential for schizophrenia and beyond. Biol Psychiatry 64, 48-61. 
 
Ormerod MB, McKenzie J, Woods A (1995) Final report on research relating to the 
concept of five separate dimensions of personality - or six including intelligence. 
Personal Individ Diff 18:451-461. 
 
Özturk AH, Tascioglu B, Aktekin M, et al. (2002) Morphometric comparison of the 
human corpus callosum in professional musicians and non-musicians by using in vivo 
magnetic resonance imaging. J Neuroradiol 29(1):29-34.  
 
Plomin R, Owen MJ, McGuffin P (1994) The genetic basis of complex human 
behaviors. Science 264(5166):1733-1739. 
 



 

  49 

Posthuma D, DeGenus EJC, Baaré WFC, Hulshoff Pol HE, Kahn RS, Boomsma DI 
(2002) The association between brain volume and intelligence is of genetic origin.  
Nature Neuroscience 5(2):83-84. 
 
Rammsayer TH (1997) Are there dissociable roles of the mesostriatal and 
mesolimbocortical dopamine systems on temporal information processing in humans? 
Neuropsychobiology 35:36–45. 
 
Rammsayer TH & Brandler S (2004) Aspects of temporal information processing: a 
dimensional analysis. Psychol Res. 69(1-2):115-23.  
 
Rammsayer TH, & Brandler S (2007). Performance on temporal information 
processing as an index of general intelligence. Intelligence 35(2):123−139. 
 
Rauch SL, Milad MR, Orr SP, Quinn BT, Fischl B, Pitman RK, (2005) Orbitofrontal 
thickness, retention of fear extinction, and extraversion. NeuroReport 16:1909-1912. 
 
Reiss AL, Abrams MT, Singer HS, Ross JL, Denckla MB (1996) Brain development, 
gender and IQ in children. A volumetric imaging study. Brain 119:1763–1774. 
 
Repp BH (2006) Does an auditory distractor sequence affect self-paced tapping? Acta 
Psychologica 121:81−107. 
 
Robins TW (1997) Arousal systems and attentional processes. Biol Psychol 45:57-71. 
 
Robinson MD & Tamir M (2005) Neuroticism as mental noise: a relation between 
Neuroticism and reaction time standard deviations. J Pers Soc Psychol 89(1):107-114. 
  
Rossier J, Meyer de Stadelhofen F, & Berthoud S (2004) The hierarchical structures of 
the NEO PI-R and the 16 PF 5. Eur J Psychol Assess 20(1):27-38. 
 
Rushton JP & Ankney CD (2007) The evolution of brain size and intelligence. In: 
Evolutionary cognitive neuroscience (Platek SM, Keenan JP, Shackelford TK, eds), pp 
121–161. Cambridge, MA: MIT.7. 
 
Russell MT, Karol DL ( 2002) 16 PF 5:e versionen, Manual, svensk version. 
Psykologiförlaget AB, Stockholm. 
 
Ruthsatz J, Detterman D, Griscom WS, Cirullo BA (2008) Becoming an expert in the 
musical domain: It takes more than just practice.  Intelligence 36:330-338. 
 
Saxe R, Wexler A (2005) Making sense of another mind: the role of the right 
temporoparietal junction. Neuropsychologia 43:1391-1399. 
 
Saxe R, Powell LJ (2006) It's the thought that counts: specific brain regions for one 
component of theory of mind. Psychol Sci 17:692-699. 
 



 

50 

Schlaug G, Jäncke L, Huang Y, Staiger JF, Steinmetz H. (1995) Increased corpus 
callosum size in musicians. Neuropsychologia 33(8):1047-55. 
 
Schneider P, Scherg M, Dosch HG, Specht HJ, Gutschalk A, RuppA (2002) 
Morphology of Heschl's gyrus reflects enhanced activation in the auditory cortex of 
musicians. Nat Neurosci 5:688-694. 
 
Schneider P, Sluming V, Roberts N, Scherg M, Goebel R, Specht HJ, Dosch HG, 
Bleeck S, Stippich C, Rupp A (2005) Structural and functional asymmetry of lateral 
Heschl's gyrus reflects pitch perception preference. Nat Neurosci 8:1241-1247. 
 
Scholte RHJ & De Bruyn EEJ (2004) Comparison of the Giant Three and the Big Five 
in early adolescents. Personal Individ Diff 36:1353-1371. 
 
Seibold DR, McPhee RD (1979) Commonality analysis: a method for decomposing 
explained variance in regression analyses. Hum Commun Res 5:355–365. 
 
Shaw P, Greenstein D, Lerch J, Clasen L, Lenroot R, Gogtay N, Evans A, Rapoport J, 
Giedd JN (2006) Intellectual ability and cortical development in children and 
adolescents. Nature 440:676–679. 
 
Singer W (1999) Neuronal synchrony: a versatile code of the definition of 
relations? Neuron 24:49–65. 
 
Sluming V, Barrick T, Howard M, Cezayirli E, Mayes A, Roberts N (2002) Voxel-
based morphometry reveals increased gray matter density in Broca's area in male 
symphony orchestra musicians. NeuroImage 17(3):1613-22. 
 
Spearman C (1904) “General intelligence” objectively determined and measured. 
American Journal of Psychology 15:201–293. 
 
Stelmack RM (1991) Advances in personality theory and research. J Psychiatry 
Neurosci 16(3):131-138. 
 
Sternberg RJ (1984) Beyond IQ: A triarchic theory of human intelligence.  New 
York:Cambridge University Press. 
 
Sternberg RJ, Forsythe GB, Hedlund J, Horvath J, Snook S, Williams WM, Wagner 
RK, Grigorenko EL (2000) Practical intelligence in everyday life. New York: 
Cambridge University Press.  
 
Stevens LT (1886) On the time sense. Mind 11:393−404. 
 
Styles I, Raven M, Raven JC (1998) Raven’s progressive matrices. SPM plus sets A-E. 
Oxford: Oxford Psychologists. 
 
Traub RD, Bibbig A, LeBeau FE, Buhl EH, Whittington MA (2004) Cellular 



 

  51 

mechanisms of neuronal population oscillations in the hippocampus in vitro. Annu Rev 
Neurosci 27:247–278. 
 
Uhlhaas PJ, SingerW (2006) Neural synchrony in brain disorders: relevance for 
cognitive dysfunctions and pathophysiology. Neuron 52:155–168. 
 
van Noorden, L & Moelants D (1999). Resonance in the perception of musical pulse. 
Journal of New Music Research 28:43−66. 
 
Vorberg D & Wing A (1996) Modeling variability and dependence in timing. 
Handbook of perception and action, Vol. 2 (pp. 181-262). Academic Press. 
 
Walhovd KB, Fjell AM (2007) White matter volume predicts reaction time instability. 
Neuropsychologia 45:2277–2284. 
 
Wright CI, Williams D, Feczko E, Barrett LF, Dickerson BC, Schwartz CE, Wedig 
MM (2006) Neuroanatomical correlates of extraversion and neuroticism. Cereb Cortex 
16:1809-1819. 
 
Wright CI, Williams D, Feczko E, Barrett LF, Dickerson BC, Schwartz CE, Wedig 
MM (2006) Neuroanatomical correlates of extraversion and neuroticism. Cereb Cortex 
16:1809-1819. 
 
Wright CI, Feczko E, Dickerson B, Williams D (2007) Neuroanatomical correlates of 
personality in the elderly. NeuroImage 35:263-272. 
 
Yamasue H, Abe O, Suga M, Yamada H, Inoue H, Tochigi M, Rogers M, Aoki S, Kato 
N, Kasai K (2008) Gender-common and -specific neuroanatomical basis of human 
anxiety-related personality traits. Cereb Cortex 18:46-52. 
 
Zuckerman M & Cloninger CR (1996) Relationships between Cloninger's, 
Zuckerman's, and Eysenck's dimensions of personality. Personal Individ Diff 21:283-
285. 


