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Abstract
Functional brain images are extraordinarily rich data sets that reveal distributed brain networks
engaged in a wide variety of cognitive operations. It is a substantial challenge both to create
models of cognition that mimic behavior and underlying cognitive processes and to choose a
suitable analytic method to identify underlying brain networks.
Most of the contemporary techniques used in analyses of functional neuroimaging data
are based on univariate approaches in which single image elements (i.e. voxels) are considered to
be computationally independent measures. Beyond univariate methods (e.g. statistical parametric
mapping), multivariate approaches, which identify a network across all regions of the brain rather
than a tessellation of regions, are potentially well suited for analyses of brain imaging data. A
multivariate method (e.g. partial least squares) is a computational strategy that determines timevarying distributed patterns of the brain (as a function of a cognitive task). Compared to its
univariate counterparts, a multivariate approach provides greater levels of sensitivity and reflects
cooperative interactions among brain regions. Thus, by considering information across more than
one measuring point, additional information on brain function can be revealed.
Similarly, by considering information across more than one measuring technique, the
nature of underlying cognitive processes become well-understood. Cognitive processes have been
investigated in conjunction with multiple neuroimaging modalities (e.g. fMRI, sMRI, EEG, DTI),
whereas the typical method has been to analyze each modality separately. Accordingly, little
work has been carried out to examine the relation between different modalities. Indeed, due to the
interconnected nature of brain processing, it is plausible that changes in one modality locally or
distally modulate changes in another modality.

This thesis focuses on multivariate and multimodal methods of image analysis applied to
various cognitive questions. These methods are used in order to extract features that are
inaccessible using univariate / unimodal analytic approaches. To this end, I implemented
multivariate partial least squares analysis in study I and II in order to identify neural
commonalities and differences between the available and accessible information in memory
(study I), and also between episodic encoding and episodic retrieval (study II). Study I provided
evidence of a qualitative differences between availability and accessibility signals in memory by
linking memory access to modality-independent brain regions, and availability in memory to
elevated activity in modality-specific brain regions. Study II provided evidence in support of
general and specific memory operations during encoding and retrieval by linking general
processes to the joint demands on attentional, executive, and strategic processing, and a processspecific network to core episodic memory function. In study II, III, and IV, I explored whether
the age-related changes/differences in one modality were driven by age-related
changes/differences in another modality. To this end, study II investigated whether age-related
functional differences in hippocampus during an episodic memory task could be accounted for by
age-related structural differences. I found that age-related local structural deterioration could
partially but not entirely account for age-related diminished hippocampal activation. In study III,
I sought to explore whether age-related changes in the prefrontal and occipital cortex during a
semantic memory task were driven by local and/or distal gray matter loss. I found that age-related
diminished prefrontal activation was driven, at least in part, by local gray matter atrophy, whereas
the age-related decline in occipital cortex was accounted for by distal gray matter atrophy.
Finally, in study IV, I investigated whether white matter (WM) microstructural differences
mediated age-related decline in different cognitive domains. The findings implicated WM as one
source of age-related decline on tasks measuring processing speed, but they did not support the

view that age-related differences in episodic memory, visuospatial ability, or fluency were
strongly driven by age-related differences in white-matter pathways.
Taken together, the architecture of different aspects of episodic memory (e.g. encoding vs.
retrieval; availability vs. accessibility) was characterized using a multivariate partial least squares.
This finding highlights usefulness of multivariate techniques in guiding cognitive theories of
episodic memory. Additionally, competing theories of cognitive aging were investigated by
multimodal integration of age-related changes in brain structure, function, and behavior. The
structure-function relationships were specific to brain regions and cognitive domains. Finally, we
urged that contemporary theories on cognitive aging need to be extended to longitudinal measures
to be further validated.
Key words: multivariate analysis, univariate analysis, multimodal imaging, episodic memory,
aging, functional magnetic resonance imaging, diffusion tensor imaging
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1 Introduction
Developments in the field of Magnetic Resonance Imaging (MRI) have dramatically contributed
to our understanding of the structure and function of the brain. This development was initiated in
the 1920s to 1940s by an Austrian physicist, Wolfgang Pauli, who proposed an idea that atomic
nuclei have magnetic properties that can be manipulated experimentally. Despite some seminal
studies reporting the phenomenon of nuclear magnetic resonance in 1946 (Bloch et al., 1946), no
biological study was created until 1970. By the 1970s, advances in image acquisition methods
paved the way for the creation of the first biological MR images (Damadian, 1971; Damadian et
al., 1974; Lauterbur, 1973). MRI of brain structure became one of the common diagnostic
procedures during the 1980s (Claussen et al., 1985). However, scientists noticed that MRI was
not well suited for the direct investigation of physiological processes. During the late 1980s, Seiji
Ogawa proposed that the manipulation of the amount of oxygen in the blood has an effect on the
visibility of blood vessels on T2*- weighted images. Finally, in the early 1990s, a dramatic
expansion in MRI occurred in association with the discovery that changes in blood oxygenation
attributed to neural activity could be measured using MRI (Ogawa et al., 1990). Since then,
functional MRI (fMRI) has become the primary imaging technique in cognitive neuroscience.
Functional brain images are extraordinarily rich data sets that reveal distributed brain
networks engaged in a wide variety of cognitive operations. It is a substantial challenge to choose
a suitable analytic method that identifies underlying brain networks. Most of the contemporary
techniques for analyzing functional neuroimaging data are based on univariate approaches in
which single image elements (i.e. voxel) are considered to be computationally independent
measures. Univariate approaches are hypothesis-driven and are typically based on some form of
statistical parametric mapping, which is a procedure for creating images using a voxel-specific
statistic that tests hypotheses about the dynamics at each voxel. Beyond the univariate methods,
1

global approaches that identify a network across all regions of the brain rather than tessellations
of regions, are potentially well suited for analyses of brain imaging data. Multivariate methods
(e.g. partial least squares, independent component analysis) are data-driven strategies that
determine time-varying distributed patterns of the brain without any need to specify a statistical
model about which inferences are made. Multivariate techniques, however, were not developed to
supplant univariate techniques, but instead to address somewhat different questions [for
discussion regarding hypothesis-driven vs. data-driven approach see (Friston, 1998; McKeown,
2000)]. Indeed, univariate approaches have served the neuroimaging community extremely well
during the last decades (Friston, 1998). Therefore, the distinction between univariate and
multivariate approaches is important and scientists who choose between them should be careful
that their choice is suitable for the context of their questions (e.g. optimal localization within the
image vs. optimal information from the image). As one goal of this thesis, I applied both
univariate and multivariate techniques to highlight the usefulness of each technique in the
context in which it is used. Additionally, I highlight some applications during which multivariate
techniques can serve as a well-suited approach for extracting features that may not be accessible
using univariate methods. This was carried out by means of two fMRI studies that explore the
neural signature of availability and accessibility signals in memory, and episodic encoding and
retrieval.
Even though fMRI has greatly contributed to the understanding of different cognitive
processes by measuring task-related changes in the Blood Oxygen Level-dependent (BOLD)
signal, which is attributed to neural activity, other MRI techniques have also provided additional
insights into brain structure. For example, using structural MRI researchers have estimated global
and regional brain atrophy as well as white matter macrostructural volume loss. Accordingly,
white matter microstructural integrity has been measured using diffusion tensor imaging (DTI)
2

which is also a form of MRI. DTI measures the directionality and amplitude of water molecule
diffusion across tissue component as an index of white matter integrity.
Many studies have established links between functional and structural MRI, even though
each modality has been analyzed separately. However, the direct relationship between structural
and functional MRI has rarely been investigated and many questions remain inconclusive such
as: To which extent do structural differences mediate functional differences? Does the structurefunction relation differ between age groups, brain regions, and cognitive domains? Does
structural disconnection between brain regions mediate cognitive decline in aging? This thesis
intends to answer these questions by using a suitable analytic approach. This is carried out by
means of two multimodal studies that explore the relation between structural and functional MRI
in cognitive aging. Similarly, the relation between microstructural integrity and cognition, and
their associations to aging, is explored in a separate study.
The first part of this thesis provides some basic knowledge regarding the notions of
episodic memory and aging, which were central topics in my empirical studies (chapter 2). The
second part of this thesis entails theory that underpins multivariate and multimodal analyses
(chapters 3, 4, and 5). Moreover, a brief review of the literature was carried out to highlight the
applicability of these methods in cognitive neuroscience of both aging and episodic memory
(section 4.4.6 and 5.3.1- 2). In the third part, I provide practical examples from my empirical
studies on how to apply such multivariate and multimodal techniques to address different
cognitive questions in different modalities (chapter 7).
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2 Memory & Aging
Given that the main focus of this thesis is to apply multivariate and multimodal approaches to
further our understanding of the architecture of episodic memory and structure-function-behavior
interactions in cognitive aging, it is necessary to briefly review the notions of '' Episodic
Memory'' as well as ''Aging''. It is worth noting that instead of an exhaustive review that covers
every single topic related to memory and aging, a selection of issues were offered that, in my
opinion, adequately disentangle common findings from inconclusive debates on memory and
cognitive aging.
2.1 Episodic memory and other memory systems

Memory is an organism's ability to encode, retain and retrieve information. We believe that we
observe memory by noting that an artist draws a previously seen picture, that a five-digit
telephone number is maintained for as long as you repeat the number to yourself, and that one
tries to spell out the name of the city in which the Eiffel Tower is located. What is common
among all of the aforementioned examples is that memory systems generate an output that is a
consequence of learning. Memory and learning can be subdivided into three hypothetical stages:
Encoding, during which new information is formed; Storage, during which the encoded
information is maintained and stored for later use; Retrieval, during which the stored information
is recalled and utilized. Retrieval from the stored information may lead to either retrieval success
or retrieval failure. Successful retrieval reflects accessibility to previously stored information,
whereas failed retrieval might be a sign of not being able to access available information or not
having information available in memory (Tulving and Pearlstone, 1966).
There has been different views regarding the exact definition of a "memory system".
Unitary memory system theory suggests that multiple processes operate on a single memory
system (Baddeley, 1984). In contrast, multiple memory systems theory argues that different
4

memory systems are functionally and structurally different but interactive (Tulving, 1987). The
idea that memory is composed of distinct systems has a long history (Squire, 2004). Both clinical
and neuropsychological studies have shown that various groups of patients may have difficulty in
certain memory tests, whereas their performances in other tests may remain intact. Recently,
neuroimaging studies have also confirmed that distinct brain structures are involved during
different memory tasks. On the basis of such findings, attempts has been made to classify
memory into different memory systems. A potential feature that differentiates between memory
systems is the length of time that the information has been retained. This widely employed
feature includes the distinction between short-term memory and long-term memory. Short-term
memory, such as sensory memory and working memory, is associated with retention in terms of
seconds and minutes. In contrast, long-term memory allows retention over days, months, and
even years. Long-term memory has two major divisions, which are based on certain
characterizations of stored information: declarative memory reflects consciously accessible
knowledge (e.g. the telephone number to the police) and nondeclarative memory denotes
knowledge that is not consciously accessible (e.g. how to ride a bike). Within declarative
memory, two memory systems are dissociable: episodic memory and semantic memory. The
latter is a memory system of decontextualized world knowledge and factual information (e.g. the
color of the sky), whereas the former is the memory of previous personally experienced events
that are spatially and temporally specific (e.g. our 10th birthday party). The exact relation
between episodic and semantic memory interaction is, however, a matter of debate. There is some
evidence of intact semantic memory despite deficits in episodic memory (Vargha-Khadem,
1997), but it is unclear if the reverse pattern is plausible [e.g. (Tulving, 1995)].
These two forms of declarative memory have been dissociated, and not only in the content
/ context of information, but also in underlying brain regions. Neuroimaging studies have shown
5

that encoding and retrieval from semantic memory engage the lateral temporal cortex and the left
prefrontal cortex, respectively (Martin and Chao, 2001; Wiggs et al., 1999). In contrast, based on
lesion studies, episodic memory has been strongly linked to the medial-temporal lobe (MTL)
system, including the hippocampus (Milner, 1972; Squire, 1992; Squire et al., 2004).
Neuroimaging studies of episodic memory have also shown that both aspects of episodic memory
(i.e. encoding and retrieval) rely on activation in the medial temporal lobe (Gabrieli, 1997;
Nyberg et al., 1996d; Persson et al., 2010; Rombouts et al., 2001; Stern et al., 1996). However, an
important, and still unresolved question, is whether the same or different segment(s) of MTL
contribute to different aspects of episodic memory. Some studies suggest that MTL is more
reliably activated during encoding than during retrieval (Schacter and Wagner, 1999). Some other
studies have provided evidence that the anterior part of MTL is more involved during retrieval,
whereas the posterior part of MTL is more engaged during encoding (Gabrieli, 1997; Rombouts
et al., 2001). In addition to MTL, the prefrontal cortex has also been reported to be a critical
region for episodic encoding and retrieval (Fletcher et al., 1998; Lepage et al., 2000; Nyberg et
al., 2000a; Nyberg et al., 1995; Simons and Spiers, 2003). Furthermore, the medial and lateral
prefrontal regions have also been found to be engaged during episodic memory (Wagner, 1998),
as well as the superior temporal cortex (Cabeza et al., 2008). However, what functional role
prefrontal regions subserve in episodic memory remains debated (Dolan and Fletcher, 1997;
Duncan and Owen, 2000). Some studies reported that various encoding and retrieval conditions
engaged overlapping frontal regions including left mid-ventrolateral PFC, left dorsolateral PFC,
and the dorsal anterior cingulate (Cabeza and Nyberg, 2000; Nyberg et al., 1996c), whereas some
other studies have found that the frontal regions are differentially engaged during encoding
versus retrieval, which is suggestive of more selective process components (Buckner and
Petersen, 1996; Nyberg et al., 1996b). For example, the hemispheric encoding / retrieval
6

asymmetry (HERA) model (Habib et al., 2003; Tulving et al., 1994) proposed a selective role of
left- and right-sided regions of the prefrontal cortex (PFC) during encoding and retrieval,
respectively.
2.2 Episodic memory and aging

''The aging brain'' refers to a multidimensional process of changes in brain structure, function,
and cognitive behavior. Despite the common notation that aging is only characterized by
progressive loss and decline, research over the last decades has identified both preservation and
decline across the adult life span for different cognitive domains, including memory. For
example, a large body of research has shown that semantic memory is somewhat spared of this
relative decline, with a very late onset of age-related decline (Nilsson, 2003; Nyberg et al., 1996a;
Ronnlund et al., 2005; Spaniol et al., 2006). It is worth stressing that there are discrepancies in
the results derived from longitudinal compared to cross-sectional designs. Longitudinal results
suggest a very late onset of minimal age-related decline in semantic memory, whereas crosssectional results suggest an early onset of such age-related decline (Ronnlund et al., 2005). What
is consistent with minimal age-related changes during semantic memory is that the neural
underpinning of semantic memory is similar among young and old adults with some evidence for
underrecruitment and non-selective overactivation of specific regions within frontal cortex in the
elderly (Logan et al., 2002).
In contrast to semantic memory, episodic memory is highly vulnerable to aging. A more
or less unified body of evidence from behavioral studies shows that elderly persons perform less
successfully than their younger counterparts on episodic memory tasks (Nilsson, 2003; Nyberg et
al., 1996a). However, the onset of such age-related decline is somewhat inconclusive due to
variations in experimental designs (i.e. longitudinal vs. cross-sectional). Neuroimaging studies
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have provided separate patterns of age-related differences for encoding and retrieval processes of
episodic memory (see below).
The neural signature of episodic encoding can be studied in two basic ways: (1)
Comparing a condition assumed to involve more encoding (e.g. learning new face-name pair) to a
condition assumed to involved less encoding (e.g. reading a sentence) in a block-design fashion,
with either intentional or incidental encoding. (2) Comparing only items with successful
performance in a subsequent memory test to a baseline or items subsequently forgotten, in an
event-related paradigm. Age-related decline in BOLD signal in the left prefrontal cortex has
frequently been reported in studies that employ block-design (Anderson et al., 2000; Grady et al.,
1995; Nyberg et al., 2003), whereas age-related increase in BOLD signal in the dorsolateral
cortex and orbitofrontal cortex were identified in event-related studies (Dennis et al., 2006;
Gutchess et al., 2005). A potential explanation for these divergent findings could be related to
different measurement units across two paradigms; block design measures sustained encoding
related activity, whereas the event-related paradigm measures transient activity (Visscher et al.,
2003).
A common age-related functional decline in posterior brain regions, including the
occipital cortex and/or the posterior parietal cortex, has been observed during episodic encoding
(Persson et al., 2010; Schiavetto et al., 2001). This age-related decline in posterior regions often
accompanies age-related differences in the prefrontal cortex, which may suggest a reduction in
functional specialization with age.
As noted before, prefrontal hemispheric functional specialization in episodic memory in
young adults has been well-described by the HERA model (Habib et al., 2003; Tulving et al.,
1994). However, it has been reported that such asymmetry is lost in aging. This observation gave
rise to the frequently reported hemispheric asymmetry reduction in older adults [the HAROLD
8

model; (Anderson et al., 2000; Cabeza, 2002; Cabeza et al., 1997b)] which is a common finding
for both episodic encoding and retrieval tasks. The HAROLD model states that the elderly
engage more bilateral prefrontal activations than their younger counterparts and this could
possibly be to compensate for inefficient functioning. The compensatory nature of the HAROLD
model was substantiated by studies that confirmed that the model only holds for high-performing
elderly, but not for low-performing elderly (Daselaar et al., 2003a; Rosen et al., 2002). This
possibly reflects compensation for age-related alterations in brain structure (Cabeza, 2002; Park
and Reuter-Lorenz, 2009).
Age-related decline in medial temporal lobe activations has also been reported in previous
studies of episodic encoding [(Grady et al., 1995; Gutchess et al., 2005); but see the discussion
bellow]. This age-related diminished hippocampal activation was occasionally accompanied by
functional differences in the prefrontal cortex (Daselaar et al., 2003b; Dennis et al., 2006; Grady
et al., 1995; Gutchess et al., 2005). Diminished hippocampal activation accompanied by a decline
in left frontal activation, which reflects a distributed encoding network in elderly, may derive
age-related impairment of memory (Grady et al., 1995; Schiavetto et al., 2002). In contrast,
diminished hippocampal activation accompanied by overactivation in the prefrontal cortex may
reflect compensatory responses in the prefrontal cortex to age-related disruption in the
hippocampus (Dennis et al., 2006; Gutchess et al., 2005).
Episodic retrieval studies have been divided into three main categories: recognition,
recall, and context memory. Age-related differences in episodic retrieval were mainly observed in
studies with recall (Anderson et al., 2000; Bäckman et al., 1997; Dennis and Cabeza, 2008) and
context memory tasks (Cabeza et al., 2000; Schiavetto et al., 2002). However, studies that
employ a recognition task largely demonstrated the same activation pattern across both young
and old groups (Daselaar et al., 2003a; Grady et al., 1995; Tisserand et al., 2005). This suggests
9

an interaction between age and task difficulty in the sense that a larger age deficit may be
observed during a more difficult retrieval task (e.g. recall and context memory).
The most common finding in episodic retrieval studies is age-related decline in the
posterior brain regions (e.g. occipital cortex) and the right prefrontal cortex (Anderson et al.,
2000; Bäckman et al., 1997; Cabeza, 2004; Cabeza et al., 2000; Cabeza et al., 2002b; Schiavetto
et al., 2002). Age-related decreases in the posterior brain regions may also be coupled with agerelated increases in the prefrontal cortex. This coupling suggests that older adults compensate for
sensory processing decline by over-recruiting the prefrontal cortex. This pattern has been
replicated several times and has been termed PASA, '' posterior-anterior shift in aging" (Cabeza,
2004; Davis et al., 2008). Overactivation in the prefrontal cortex has mostly occurred in highperforming elderly (elderly performing at the same level as young subjects), but not lowperforming elderly (Cabeza, 2004; Cabeza et al., 2002a). This suggests that functional
reorganization took place in order to cope with cognitive demands.
Despite some common findings for age-related differences during episodic encoding as
well as episodic retrieval, there exist also several inconsistencies. For example, there has been a
comprehensive debate regarding the effect of age on hippocampal function during episodic
memory [for a review see (Buckner, 2004; Hedden and Gabrieli, 2004)], such that some studies
showed age-related HC hypoactivation (Daselaar et al., 2006; Gutchess et al., 2005) while others
claim HC preservation across the adult life span (Persson et al., 2010). Age-related diminished
hippocampal activation has also been associated with early-stage Alzheimer's disease (AD) and
compared with normal aging (Sperling et al., 2003). Apart from the differences in experimental
design, a possible source of the inconsistent findings might be the various forms of statistical
analyses (e.g. ROI vs. voxel-base approach), and / or the unwanted inclusion of participants with
pathological deficits (e.g. subjects in the preclinical stage of dementia).
10

In summary, patterns of age-related differences during episodic encoding and retrieval
were reviewed. Despite several patterns of age-related differences during episodic encoding and
retrieval, two common findings were observed:1) Age-related decrease (i.e. underactivation) in
neural activity, possibly reflecting inefficient functioning. 2) Age-related increase (i.e.
overactivation) in neural activity, in particular in PFC, likely signaling functional compensation.
Functional overactivation during episodic memory has attracted much interest because it has been
interpreted as reflecting a potential for functional reorganization in the aging brain. However,
previous demonstrations of frontal overrecruitment in aging were based on cross-sectional
comparisons, which may not reflect true age-related functional changes. Thus, additional
longitudinal studies are required to confirm the role of the function overactivation in elderly.
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3 Univariate Analysis of FMRI
3.1 General overview

Many functional magnetic resonance imaging (fMRI) and positron emission tomography (PET)
experiments are designed in such a way that subjects are instructed to perform both experimental
and control tasks in an alternating sequence. During such tasks, signals from hundreds of
thousands of image elements (i.e. voxels) are recorded every few seconds. Signal changes
recorded from each voxel may be a mixture of low and high frequency information driven by
many potential distributed processes, including non-task related (e.g. motion or machine artifacts)
as well as task-related hemodynamic activations. In the majority of PET-studies up to the 1980s,
researchers characterized the regional differences among the brain scans by using a hand-drawn
region of interest (Herscovitch et al., 1983). This approach abridged hundreds of thousands of
voxels to a handful of ROI measurement, in a somewhat imprecise anatomical manner. The idea
behind the massive univariate voxel-wise analyses emerged in response to the obvious need to
make voxel-specific inferences about brain responses without any a priori hypothesis regarding
the anatomical localization of those responses.
A univariate statistical approach is a prevalent class of neuroimaging analysis method that
focuses on the identification of reliable signal changes at the level of single voxels. This is carried
out by first creating an identical design matrix (for each voxel) whose columns correspond to the
effects that have been built into the experiment or may confound the results. These are referred to
as regressors and are created by convolving onsets of each condition of the experimental task
with a fixed model of the hemodynamic response function (HRF; an estimate of the fMRI signal
change evoked by a burst of neural activity). After the design matrix is created, a general linear
model (GLM) is conducted which facilitates both parameter estimations and a wide range of
hypothesis testing (e.g. t test, F test, correlation analysis) for some form of statistical parametric
12

mapping [SPMs; (Friston et al., 1995)]. Statistical parametric mapping refers to the construction
of spatially extended statistical processes (usually derived under parametric assumptions) to test
the null hypothesis about specific effect in a voxel-by-voxel manner. Put simply, if one applies
t/F tests for every voxel variable, an image of t or F statistics, called the t or F statistical
parametric map, is obtained. Voxels that exceed a predefined level of significance will be labeled
as active voxels. A schema that illustrates the procedure of one of the most commonly used
univariate analyses is shown in figure 1.

Figure 1: A schema illustrating the procedure of voxel-wise univariate analyses. The left column demonstrates multiple
acquired volumes of fMRI and the crosshair points to a single voxel across all volumes. The middle column shows simulated
changes in BOLD signal for the noted voxel across time. The right column indicates the different steps that need to be carried
out to yield a statistical parametric map.

3.2 Limitations of univariate analysis

Although a univariate analysis approach is both computationally simple and reasonably effective,
it involves some inherent weaknesses. First of all, univariate approaches consider either each
voxel or continuous set of voxels to be an independent variable [but see (Worsley et al., 1992)],
whereas it has been proven that for almost all neuroimaging data (e.g. PET, fMRI, etc) a
correlation between dependent measures (i.e. voxels) is inevitable (Harris, 1975). Additionally,
13

such an approach typically ignores cooperative interactions among brain regions (i.e. functional
integration) by only attempting to identify a brain region(s) with a specific function (i.e.
functional specialization).
Second, a univariate technique is usually hypothesis-driven, which means that it requires
an accurate a priori model of fMRI signal changes in response to experimental events. This
might be problematic when responses to experimental events may not be known or inconsistent
across all voxels. For example, univariate techniques typically capture activations whose signal
changes mimic canonical HRF. However, this may lead to a failure in finding a reliable activation
whose signal changes are slightly deviated from the HRF.
Third, due to the voxel-wise nature of the univariate analysis, null hypothesis testing is
carried out for each region, across tens of thousands of voxels. Thus, correction for multiple
comparisons is a critical concern. The meaning of this was that the greater the number of
statistical tests conducted, the greater the chance of a false positive results (i.e. type I errors: to
label a voxel as active when it is not), which needs to be corrected for. One potential solution, to
overcome the multiple comparisons problem is to minimize the number of false positives, or to
control for family-wise error rate (FWER), for instance by using a Bonferroni correction. This is
carried out by decreasing an acceptable false positive rate (i.e. alpha value) in proportion to the
number of independent statistical tests. Even though Bonferroni correction effectively decreases
false positives, it increases false negatives (i.e. type II errors, failing to detect voxels with real
activation). Therefore, the lack of a gold standard method for the multiple comparisons problem
has been a serious concern.
Fourth, the most common practice in univariate analysis is to scrutinize indices of task
differences (using ANOVA or t- test), whereas indices of similarity are largely deemphasized.
This means that in a typical univariate voxelwise method (e.g. SPM), cognitive subtraction
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paradigm has been largely used to investigate differences between tasks rather than examining
both differences and similarities.
Given the aforementioned methodological caveats of univariate analyses, a critical
question is whether there is a complementary statistical framework that can alleviate the noted
weaknesses. In the next chapter, multivariate analysis will be presented as a potential
complementary approach to the univariate analysis.
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4 Multivariate Analysis of FMRI
4.1 Introduction

In the previous chapter, the univariate framework was briefly presented as the most common
approach to the analysis of fMRI data. Even though this method has accounted for the major part
of the growth of fMRI over the past decade, it may not be a suitable tool in relation to a number
of potentially important research questions. For example, univariate methods fail to search for
systematically intrinsic variations in the data unless they adopt an a priori model for that
variation. Multivariate data-driven approaches are well-suited to address such an exploratory
question regarding fMRI data. These approaches parse the four-dimensional fMRI time-series
into a set of components (i.e. common features), that consist of a group of voxels and their
temporal properties. Each component is either task-related or task-unrelated (e.g. noise,
movement artifacts) and accounts for certain amounts of variation in fMRI data.
Multivariate approaches are not subject to the problems that challenge the univariate
hypothesis-driven analyses such as: ignoring functional integration, variability in the HRF,
multiple comparison problems, and poorly chosen models. Yet, multivariate techniques present
many technical and interpretational challenges. Multivariate techniques vary in relation to the
algorithms used to partition the fMRI time series and the criteria used to choose which extracted
component is meaningful. Some of them (e.g. independent component analysis) rest upon a
completely model-free assumption in which components are extracted by being completely blind
to underlying experimental paradigms, whereas others (e.g. partial least squares) use some
information from the experimental design to shape the components. Although the majority of
multivariate approaches have been typically used to identify some important aspects of brain
function, some of them have also been recruited to extract non-task-related variability.
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Next, I briefly present principal component analysis (PCA) and independent component
analysis (ICA) as two examples of completely model-free multivariate approaches. After this, I
will present partial least squares (PLS), which is a unique multivariate approach in its choice of
emphasis for analysis. As PLS has been implemented in two of my empirical studies, a more
detailed explanation of PLS will be provided.
4.2 Principal Component Analysis (PCA)

PCA is a commonly used data reduction tool for high-dimensional fMRI data. This multivariate
technique parses data into a simpler representation while retaining most of its variation. This is
carried out by first identifying a component that accounts for the most variance in the data,
followed by a second component that represents the next highest variance in the data. This
procedure continues until the desired number of components are estimated. As each component is
estimated from the remaining portion of the variance that was not captured by the former
component(s), the components are orthogonal to each other. Each component contains an
eigenimage that reflects spatial patterns of activation across voxels. The variability of an
eigenimage over time is expressed by its eigenvector. The amount of total variance that each
component accounts for is determined by the eigenvalue. The first component has the largest
eigenvalue, because it accounts for the most variance in the data.
There are different criteria regarding the number of components that should be retained.
One criterion is that any component with an eigenvalue larger than 1 should be retained given
that it explains the least variance of the original data [i.e. more variance is explained than an
original variable; (Kaiser, 1960)]. Another criterion is to plot the eigenvalues to estimate the
number of components. Given that each subsequent component represents a lessening of variance
in the data in relation to the former component, the plot resembles a decreasing exponential
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function. The number of components to be retained can be estimated from the point that the curve
begins to flatten out.
Friston and colleagues (Friston et al., 1993) first introduced an application of PCA to
positron emission tomography (PET) during which subjects performed a verbal fluency task.
They identified two independent components that accounted for the most variance in data, and
those components were interpreted as an intentional network required for verbal fluency and
attentional bias, respectively. Recently, Ecker and colleagues (Ecker et al., 2007) have
supplemented their univariate findings in visual cortex with PCA to explore the functional
connectivity within those regions identified by the univariate approach. Additionally, PCA has
been used to identify an average pattern of response in regions of interest (Buchel and Friston,
1997) and reduction of noise in fMRI time series (Thomas et al., 2002).
Even though PCA seems to be a useful tool for identifying the distributed patterns of
brain function, it has some shortcomings. First of all, if task-related signal changes account for a
small portion of total variance, the retention of the first few components, which represent the
most variance in the data, reveals little information regarding task-related activation.
Additionally, it is not always easy to interpret the identified components. Furthermore, there is no
clear statistic to assess the statistical significance of each component.
4.3 Independent Component Analysis (ICA)

Most of the variance in fMRI datasets is uninteresting given the small amplitude of task-related
variation measured by the BOLD signal compared to undesired sources of variability (e.g. noise,
motion, and scanner artifacts). Thus, the PCA type of analysis may lead to biased estimates of
task-related components: the first few extracted components may all reflect noise and thereby the
subsequent components are influenced by the former (noise) components given the orthogonality
constrain of the PCA analysis. ICA is a relatively new multivariate approach that overcomes the
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noted pitfall of PCA analysis by identifying a set of components, each with a spatially
independent and temporally coherent brain pattern. This means that ICA extracts components in
such a way that differences between components are maximized and each component contributes
differently at each time point. Compared to PCA, which forces extracted patterns to be
orthogonal, ICA takes a more general position by using higher-order statistics to achieve
independence (orthogonality is only partway to independence because if two patterns are
independent they are orthogonal, but not all the orthogonal patterns are independent).
Deriving the components from ICA requires that the data be separated into either spatially
or temporally independent components. Ever since the first time that ICA was introduced to
fMRI data (McKeown et al., 1998), there has been a controversy concerning the choice of spatial
or temporal ICA. Spatial ICA maximizes independence in space whereas temporal ICA achieves
maximal independence in time. Even though spatial ICA has dominated the functional imaging
literature, possibly due to larger spatial than temporal dimensions, thus being less expensive
computationally demanding, temporal ICA has also been applied to fMRI data (Biswal and
Ulmer, 1999). It has been shown that the choice between spatial and temporal ICA produces
dramatic effects on results if components are temporally or spatially correlated, whereas the two
forms of ICA should produce the same results in the absence of correlation between components
(Calhoun et al., 2001b).
Unlike univariate methods, ICA does not seem to be naturally suitable for drawing grouplevel inferences. This is because different individuals may have different time courses, and these
time courses might be sorted differently. Therefore, it is not immediately clear how to make
group inferences. However, several group-level ICA analyses have been proposed (Beckmann
and Smith, 2005; Calhoun et al., 2001a, b; Calhoun et al., 2009). The majority of previous group
ICA analyses were directly conducted on group data that was either temporally or spatially
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concatenated. With reference to this, one ICA would be conducted followed by the creation of
subject-specific maps that facilitate a comparison of subject differences within a component [for
a more detailed description of different group-level ICA analyses see (Calhoun et al., 2009)].
ICA has been largely used to analyze group fMRI data as well as multimodal data sets
(Beckmann and Smith, 2005; Calhoun et al., 2006a; Calhoun et al., 2001a, b; Calhoun et al.,
2009; Calhoun et al., 2002; Liu et al., 2009; Stevens et al., 2009). For example, Calhoun and
colleagues (2002) applied ICA to a complex paradigm consisting of three blocks of fixation,
acting simulated driving, and watching simulated driving. They identified six components that
reflected different dynamics in response to simulated driving. This study nicely elucidates the
data-driven nature of ICA in characterizing a naturalistic task, which is difficult to parameterize
for use in a univariate analysis given the lack of a well-understood brain activation model. ICA
has also been used to address multimodal questions such as whether changes in one modality
(e.g. fMRI) were driven by changes in another modality (e.g. sMRI, DTI). For example, Calhoun
and colleagues (2006) investigated whether functional decline (during an oddball target detection
task) in schizophrenia, when compared to the healthy controls, was driven by differences in gray
matter volume between the two groups. They found that gray matter differences in bilateral
parietal and frontal as well as posterior temporal regions were associated with group differences
in bilateral temporal activity.
A major challenge of ICA analyses is to match a component to a cognitive process given
that ICA separates the components regardless of the underlying experimental design. A feasible
solution is to combine the data-driven ICA with some hypothesis-driven statistic. For example,
researchers may apply ICA to exploit independent spatial components and then carry out a
multiple regression to identify a task-related component(s). Despite the aforementioned
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limitation, ICA, and most of the multivariate approaches, provide valuable insights into fMRI
data.
4.4 Partial Least Squares (PLS)

PLS is another multivariate data-driven approach for the analysis of fMRI data. This technique is
very similar to PCA but with an additional constrain that PLS decomposes the part of the
covariance matrix that is attributable to the experimental design or some behavioral measures.
This means that by incorporating task (or behavioral) information at an early stage, PLS
determines the time-varying distributed patterns of the brain as a function of the task or behavior.
In addition, PLS assesses activation changes across all regions of the brain simultaneously rather
than in a voxel-by-voxel manner. Therefore, it rules out the need for a multiple comparisons
correction that bedevils the univariate analysis. Furthermore, PLS accommodates indices of
differences as well as similarities, which provides an additional dimension of theoretical
examination (i.e. commonalities in neural activation underlying different cognitive processes)
and stands in contrast to the most common practice in univariate analysis (i.e. scrutinizing task
differences).
4.4.1 The PLS family

There are two different types of PLS that have been utilized in the analysis of neuroimaging data:
PLS correlation (McIntosh et al., 1996) and PLS regression (Abdi, 2010). The former is a
correlation technique that analyzes the association between two sets of data (e.g. brain activity
and experimental design / behavior). The latter is a regression technique that predicts a set of
dependent variables (e.g. behavior) from a set of independent variables (e.g. brain activity).
Despite the relevance of PLS regression to the PLS family, it has never been used during the
course of this thesis, and will therefore not be discussed in more detail [but for a great review see
(Krishnan et al., 2011)].
21

PLS correlation can be divided into four variations: (1) task PLS, (2) behavioral PLS, (3)
seed PLS, and (4) multi-block PLS. One critical difference between theses variations lies in the
definition of the matrix (Y), which will be cross-correlated with brain activity (X, see below).
With regard to task and behavioral PLS, Y represents the experimental and behavioral variables,
respectively, whereas in seed PLS, Y is the voxel activity from a region(s) of interest (ROIs). For
multi-block PLS, as the name implies, Y is a multi-table consisting of a behavioral variable(s), an
experimental variable(s), and/or voxel activity from a region(s) of interest.
4.4.2 Data organization

As noted in the previous section, PLS correlation analyzes the association between brain activity
and experimental design / behavior/voxel activity from ROIs. Brain activity is stored in an I-by-J
matrix denoted X, whose rows and columns reflect observations (e.g. subjects within conditions
within groups) and variables (e.g. voxel intensity for all time points), respectively. Behavioral
data, experimental design, or the voxel activity from ROIs are stored in an I-by-K matrix denoted
Y, whose rows reflect observations and its columns indicate different behavioral measures, voxel
activity from ROIs, or contrasts that code for different aspects of the experimental design. Both X
and Y matrices are z-scored so that the mean of each column is zero and the standard deviation is
one. This is carried out so that the variables in two matrices are comparable. The relationship
between two matrices is measured by the dot product of the columns of X and Y as:
R = YT X

(1)

The T represents the transpose of matrix Y. R is a k-by-J cross-product matrix that
expresses the correlation between the normalized (e.g. z-scored) columns of the X and Y matrices
(e.g. correlation between brain activity and experimental design). The R matrix reflects
covariance if the columns of the matrices are only centered but not normalized.
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4.4.3 Derivation of Latent Variables

The cross-product matrix, R, is subject to the singular value decomposition [SVD; (Bia et al.,
2008; Takane, 2002)], which is the core tool of the PLS analysis. This tool decomposes the J-byK cross-product matrix RT into three matrices as follows:
[U S V] = SVD [RT]

(2)

U * S * VT = RT

(3)

Where:

From the decomposition, V is a K-by-L singular vector (L is the rank of R) reflecting the design
or behavioral profile that best characterizes the cross-product matrix (R), and is usually called
design salience. U is a J-by-L singular vector that reflects voxels that best characterize R. This
vector is usually called voxel saliences. Finally, S is an L-by-L diagonal matrix of singular value
reflecting how much of the cross-block covariance (R) is explained by the saliences.
To express the saliences that are relative to brain activity and experimental design
(behavioral measure or signal changes from ROIs), the X and Y matrices are projected onto their
respective saliences. This yields latent variables (LVs) that are linear combinations of the original
variable. The first and subsequent LVs account for the greatest and progressively decreasing
amounts of the cross-covariance matrix (indicated by the square of the singular value),
respectively.
Each LV consists of the brain and design (or behavioral) scores that are yielded by the
projection (using the dot product) of X and Y on the voxel and design (or behavioral) saliences,
respectively, as follows:
B=X*U

(4)

Where B is an I-by-L matrix of brain scores that reflects how much each subject
contributes to the pattern of each LV.
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D=Y*V

(5)

Where D is an I-by-L matrix of design scores (or behavioral scores) that reflects a
relationship between brain activity and experimental design (or behavior).
Taken together, PLS exploits LVs which reflect the largest amount of common
information between brain data and experimental design (or behavioral variable) by computing
maximal covariance. A schema illustrating the different steps of (mean-centering) task PLS is
shown in figure 2.
4.4.4 Assessment of significance

PLS splits a question regarding the significance of an image (or voxel) into two different
questions. The first question inquires about the significance level of an overall pattern (i.e. each
LV) that reflects the cooperative interactions among brain regions. As such, it is possible to
determine whether the overall pattern in each LV is significantly different from randomness /
noise. From another perspective, an inferential analytic approach is required to generalize the
fixed effect model, yielded by SVD, to the population (i.e. the random effect model).
The second question inquires about the stability of any possible localization that contributes to
the overall pattern. Thus, it is possible to determine the reliability of regions contributing to the
overall pattern. Permutation and bootstrap tests (McIntosh et al., 2004; McIntosh and Lobaugh,
2004) have been proposed for the assessment of the significance of the overall pattern and the
stability of the contributive saliencies, respectively.
4.4.4.1 Permutation test (Which latent variables to keep)

The arbitrary decision regarding the number of LVs retained has been solved by using nonparametric permutation tests. This test assesses whether the overall pattern in each LV is strong
enough, in a statistical sense, to be different from randomness/noise. This is accomplished by
sampling without replacement to reassign the order of conditions to each observation in the data
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matrix (X), while leaving the experiential design (behavior or signal changes from ROIs) matrix,
Y, unchanged. Then, the LVs of the reordered matrix for the permutation sample, say 500 or
1000, are computed using the same SVD algorithm. Ultimately, the number of times that the
permuted singular value exceeds the original singular value yields the probability of significance
of the original LVs. Given that the null hypothesis is tested on each LV as a whole (null
hypothesis: the whole LV was derived by randomness), there is no need to correct for multiple
comparisons.
4.4.4.2 Bootstrap test (Which voxel saliencies are reliable?)

To determine the stability of the voxel saliences contributing to each LV, the standard error of
saliences is estimated using bootstrap sampling (Efron and Tibshirani, 1986). Mathematically, the
stability of a voxel contributing to each LV is derived by dividing a voxel salience by its standard
error. The standard error for saliences is estimated using sampling with replacement of the
observations (i.e. keeping the assignment of experimental conditions fixed for all observations) in
both X and Y matrices. As such, Bootstrap Ratio (BSR), which is the ratio of voxel saliences
over estimated error, is computed for each voxel. This ratio is akin to a Z-score, thereby a voxel
with BSR larger than a certain cut off, say BSR > 3.2 (p < 0.001), is considered significantly
stable (i.e. contributes reliably to the pattern). It is worth noting that the critical aim of computing
bootstrap ratio is to identify the voxels whose responses reliably reflect the effect expressed in
each LV. Hence, it rules out the need for multiple comparison given that no statistical test is
performed. Additionally, the bootstrap estimate is also used to derive confidence intervals for the
brain scores in task PLS and for correlations in behavioral PLS. This confidence interval provides
a reliable measure facilitating the interpretation.
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Figure 2: A schema illustrating the procedure of mean-centering task PLS for the analysis of fMRI data. The top row
demonstrates mean-centering procedure by which the grand mean was subtracted from the value of each voxel. The middle
row shows the singular value decomposition procedure parsing the mean-centered matrix into singular vectors (V and U) and
singular values (S). The bottom row indicates the procedure of creating temporal brain scores, for the first LV, as the dot
product of voxel saliencies of each LV and subject's image volume.

4.4.4.3 Caveats in PLS

Despite the unique and distinctive features of PLS in combining the strength of data-driven and
hypothesis-driven analyses, there are some caveats to its use. First of all, PLS analysis of
average-sized fMRI data is computationally expensive: a regular number of permutation and
bootstrap tests (say 500 permutation and 100 bootstrap) carried out on a regular workstation takes
at least 30-45 minutes. Second, PLS utilizes a mathematically elegant method, SVD, in order to
extract mutually orthogonal patterns. However, it has been shown that SVD may fail to capture
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the true dependencies between the pattern because of its orthogonality constraint (McIntosh and
Lobaugh, 2004). A potential solution is to replace SVD with an algorithm like ICA, which takes a
more general position to achieve independence, rather than forcing orthogonality. However, it has
been shown that ICA is less sensitive and robust in extracting a reliable signal (Lin et al., 2003).
Third, it is not unlikely that extracted patterns from SVD would be either non-linear or difficult to
interpret, such that LVs do not easily map on to a priori expectations (e.g. force the researcher to
reconsider what the data is truly communicating about the experiment). In such cases, it is
recommended to use a non-rotated version of PLS (contrast PLS) to aid and corroborate the
interpretation of LVs. Finally, PLS is not a suitable tool for fast event-related designs.
4.4.4.4 Application

PLS was first introduced to positron emission tomography (PET) in 1996 by McIntosh and
colleagues. It was further extended for use with complex fMRI designs in 2004 by the same
researchers (McIntosh et al., 2004; McIntosh and Lobaugh, 2004). Since then, PLS has been
applied to many neuroimaging data sets (e.g. fMRI, sMRI, PET, ERP, MEG) with different
paradigms (e.g. event-related designs, block designs). In what follows, I provide some examples
of different variations of PLS that have been applied to both fMRI and PET in order to address a
variety of cognitive questions.
Task PLS, including both mean-centered task PLS and contrast task PLS, is the most
commonly used PLS approach that has been applied to fMRI to investigate the relation between
memory and different experimental conditions (Addis et al., 2004; Burianova and Grady, 2007;
Salami et al., 2010; Skinner et al., 2009). For example, Burianovaa and Grady (2007) conducted
an event-related fMRI study to investigate neural signatures underlying autobiographical,
episodic, and semantic memory. Using mean-centered task PLS, they found a common (i.e.
functional overlap) network underlying all declarative memory retrieval as well as a unique (i.e.
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functional dissociation) network reflecting process-specific memory retrieval. As you can see in
figure 3A, LV1 reflects functional differentiation between all theree retrieval tasks and the
control condition. LV2 (figure 3B) differentiates autobiographical memory retrieval from both
semantic and episodic memory, whereas LV3 (figure 3C) shows differentiation between semantic
memory and episodic memory. Note that in this figure [figure 2 in (Burianova and Grady, 2007)]
mean brain scores, which represent the average (across participants) of summed scores of activity
across the entire brain, were plotted for each retrieval condition over 7 time points (14 sec).
Additionally, task PLS has been used in many PET studies of memory (Nyberg et al.,
2002; Nyberg et al., 2000a; Nyberg et al., 1996c; Rajah and McIntosh, 2005). For example,
Nyberg and colleagues (1996) measured cerebral blood flow by PET during the initial encoding
and subsequent retrieval of different types of information (e.g. items, locations, time). They
identified not only process-specific, but also general episodic memory networks using contrast
task PLS. Task PLS has also been used to investigate age-related differences in brain activity
across different domains (Cabeza et al., 1997a; Grady et al., 2006; St-Laurent et al., 2011). For
example, in an event-related fMRI study, St-Laurent and colleagues (2011) used a mean-centered
task PLS to investigate the neural signatures of autobiographical, episodic, and semantic memory
in healthy young and older adults. They found a common network underlying all declarative
memory that was equally expressed in both young and older adults. They also found processspecific memory networks that were less strongly expressed in elderly than in their younger
counterparts.
Behavioral PLS has also been used in many cognitive domains to identify brain regions
associated with different behavioral variables (McIntosh et al., 2004; Price et al., 2004). For
example, McIntosh and colleagues (2004) used a procedural memory task and compared auditory
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Figure 3: Figure 2 in (Burianova and Grady, 2007). This figure highlights the applicability of task PLS in identifying indices of
both similarities and differences underlying autobiographical (black), episodic (green) and, semantic memory (red). (A) LV1
reflects common networks (i.e. black, red, and green vs. blue) that underly all declarative memories. (B) LV2 indicates
differentiation of autobiographical memory from semantic and episodic memories (black vs. red and green). (C) LV3 shows
differentiation between semantic and episodic memory (red vs. green). Reprinted with permission

and visual processes. Reaction time measures were used for behavioral analysis. They
found a significant LV reflecting a common positive correlation of RT with both visual and
auditory memory tasks, as well as distinct temporal fluctuation in correlation patterns.
Additionally, behavioral PLS has been used to examine the relation between brain structure and
neuropsychological tests in cases of schizophrenia (Nestor et al., 2002), as well as cerebral blood
flow during a visual spatial task in patients with Alzheimer disease (Tippett and Black, 2008).
Seed-PLS has also been used in many studies to address functional connectivity (Friston
et al., 1993) questions (Grady et al., 2003; Lenartowicz and McIntosh, 2005; Nyberg et al.,
2000c; Skinner et al., 2009). For example, Skinner and colleagues (2009) used seed PLS to
determine how activity in the right hippocampus is correlated with activity in other regions of the
brain during retrieval effort and retrieval success. They used an event-related fMRI paradigm
during which subjects performed a recognition memory task under a full attention condition and
two different divided attention conditions (word-base and digit-base distracters). They found that
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successful memory performance in both full attention and divided attention with digit-base
distracters were associated with the same brain network and that this network was functionally
connected to the right hippocampus. This result was, however, not found with word-base
distractors.
Finally, multi-block PLS has been used in neuroimaging when at least two different
datasets (e.g. seed voxel activity and behavioral variable) were associated to original data
(Lenartowicz and McIntosh, 2005; Vallesi et al., 2009). For example, Lenartowicz and McIntosh
(2005) used multi-block PLS in an fMRI experiment to determine functionally connected
networks of brain regions related to attention and memory processes. The authors used voxel
activity in the anterior cingulate, reaction time, and hit rate as three related data sets (e.g. the Y
matrix), whereas the fMRI data was the dependent data set (e.g. the X matrix). They found two
significant LVs that were differentially related to attention and working memory, with voxel
saliences reflecting the degree to which each voxel was related to voxel activity in the anterior
cingulate and two behavioral measures (i.e. reaction time and hit rates).

30

5 Multimodal integration of Neuroimaging data sets
5.1 Motivation for multimodal imaging

It is a common practice for the majority of research projects to acquire different imaging
modalities on the same individuals. Each imaging modality denotes a limited domain and
typically provides both unique and common information on different properties of the brain such
as volume, white matter integrity, and hemodynamic activity. For example, fMRI and PET
provide high spatial resolution information of neural activation that underly a cognitive process,
whereas EEG and MEG provide high temporal resolution information of an underlying cognitive
process. In recent years, some additional imaging modalities have emerged, each of which
provides unique information. For example, diffusion tensor imaging (DTI) is a form of magnetic
resonance imaging that provides information about white matter microstructural pathways in the
brain by measuring the directionality and amplitude of water molecule diffusion across tissue
components. To sketch an overview of multimodal imaging, a schematic example of multimodal
imaging of cognitive aging is shown in figure 4. Let us assume that A represents cognitive and
brain aging that was derived through three components including age-related changes in brain
structure (Ast), age-related changes in brain function (Afu), and age-related changes in behavioral
measures (Abe). Multimodal imaging can provide better inferences about potential questions in
subsample (Aco), which is the common subsample between the three modalities: Are age-related
changes in one modality (e.g. Afu) driven by age-related changes in the other modalities (Ast)?
However, multimodal imaging cannot provide any additional / better information compared to the
unimodal imaging about each subsample separately (Afu, Abe, Ast). Taken together, it is
immediately clear that moving from unimodal to multimodal imaging facilitates an understanding
of the nature of structure, behavior, and cerebral activity in a more comprehensive way.
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Despite its benefits, mutimodal imaging is quite challenging and this is possibly due to the
lack of gold-standard multimodal image analysis methodologies. Even though the majority of
researchers have had access to multimodal data sets, they have analyzed each modality
separately. Still, few researchers have used multimodal imaging to tackle cognitive questions that
are not addressable using unimodal imaging.

Figure 4: A schematic example of multimodal imaging (fMRI, DTI / T1, and behavior) of cognitive aging. "A" represents
cognitive and brain aging. A be indicates age-related changes in behavioral measure, whereas A st and A fu reflect age-related
changes in brain structure and function, respectively. A co is the subsample about which only multimodal imaging can provide
better inferences.

5.2 Methodological approaches for multimodal data integration

As noted, the lack of a gold-standard multimodal image analysis methodology is a serious
challenge to multimodal imaging. Despite this, there have been some attempts to jointly utilize
multiple modalities. One simple data integration approach is to compute the correlation between
certain regions of interest in two modalities. For example, the correlation between structural
volume and function activation in certain regions (e.g. visual cortex) have been used to measure
the interrelation between two modalities (Hasnain et al., 2001). Another data integration approach
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is to overlap statistical maps created from different modalities. This type of approach, which is
called conjunction analysis, has also been used to identify common areas of activation to make a
group inference (Friston et al., 1999). However, conjunction analysis does not involve any voxelwise regression analysis between two modalities. An alternative to data integration or conjunction
analysis is data fusion which analyzes both modalities in a single joint analysis. Below, I
introduce some of the commonly used integration approaches as well as fusion techniques for
analyses of multimodal data sets.
5.2.1 ROI analysis

The ROI analysis is the simplest way of interrelating certain regions in different image
modalities. That is, to define a ROI(s) in each modality and collapse the entire ROI into a single
value (i.e. mean value) and feed these values into a linear regression model to see the relation
between two modalities within / between certain regions (Madden et al., 2007; Persson et al.,
2006). For example, Persson and colleagues (2006) investigated the structure-function
correlations of cognitive decline in aging. They measured the hippocampal volume, prefrontal
changes in BOLD signal during an incidental episodic encoding task, and fractional anisotropy
(FA) in three parts of the corpus callosum (i.e. Genu, Body, and Splenium). They found no
correlation between prefrontal changes in BOLD signal and hippocampal volume, although both
structures were involved in episodic memory. In contrast, they found a significant negative
correlation between mean fractional anisotropy in the genu of the corpus callosum and prefrontal
changes in BOLD signal, suggesting that increased activations in elderly might be partly derived
through structural disruption.
Despite the frequent use of ROI interrelation analysis in multimodal imaging, there is no
established standard for ROI selections. For example, different studies have used different ways
to specify the subdivision of the corpus callosum [as a critical white matter pathway; (Chen et al.,
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2009; Gold et al., 2010; Madden et al., 2010; Madden et al., 2007)]. In addition, both the size and
method of defining a ROI may qualitatively or quantitatively influence the correlation results. For
instance, large ROIs may not be adequately sensitive to identify smaller localized changes
(Barrick et al., 2010; Stevens et al., 2009).
5.2.2 Univariate voxel-wise fusion

An alternative approach to ROI analysis is the voxel-wise fusion of multimodal datasets. Voxelwise approaches rule out the need for defining a ROI that might bias integration results (see
section 5.2.1). Instead, such approaches allow voxel-wise regression or correlation between
multiple modalities. However, due to a high degree of inter-individual differences in brain
anatomy that necessitate the precise alignment of various contrasts (e.g. T1-weighted, fMRI, T2weighted, DTI), voxel-wise fusion approaches are still challenging. Here, I present a voxel-wise
univariate approach of multimodal fusion that has been used during the course of this thesis.
5.2.2.1 Biological Parametric Mapping (BPM)

Biological parametric mapping (BPM) is a massive univariate approach that models changes in
one imaging modality as a function of another modality using the general linear model
framework (Casanova et al., 2007). Conceptually, BPM is quite similar to the SPM style analysis
(the embodied statistic is the same), but allows for an additional image data as an independent
variable (regressor). This regressor represents some biological information such as GM volume
or tissue fractional anisotropy (FA), which would be embedded in the GLM framework in a
massively univariate voxel-wise fashion. This is accomplished by assigning a unique design
matrix to each voxel in contrast to the identical design matrix typically used in SPM. Given that
biological parameters (e.g. GM volume or tissue FA), accommodated as regressors in a BPM
analysis, are different in different voxels, the design matrix is voxel-specific. However, in typical
SPM analyses a nuisance regressor indicates some scalar value (non-image regressor) such as
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mean GM volume or mean FA within a ROI, and therefore the model is identical for all brain
regions.
BPM has recently been used in several cognitive aging and case-control studies to identify
changes in one modality (e.g. differences in fMRI signal between group A and B) that were
induced by changes in another modality [e.g. differences in GM volume between group A and B;
(Bendlin et al., 2010; Canu et al., 2010; Kalpouzos et al., 2011)]. For example, Kalpouzos and
colleagues (2011) used BPM to investigate whether age-related under- and over-recruitment were
accounted for by gray matter volume changes. They found that age-related local GM atrophy
accounted for age-related diminished activation in occipital cortex during encoding, whereas the
age-related overactivation of the left dorsolateral prefrontal cortex as well as the left lateral
parietal cortex were driven by local age-related atrophy. Similarly, using BPM, Canu and
colleagues (2011) showed that microstructural diffusion changes are independent of
macrostructural volume loss in Alzheimer disease patients. Casanova and colleagues used BPM
to explore whether the functional differences between normal and dyslexic subjects during a
visual-auditory matching task were accounted for by the structural differences between the two
groups. They showed overactivation in the left temporo-occipital area in the dyslexic compared
to the normal readers (figure 5A). Additionally, the dyslexic readers showed GM volume loss in
an area encompassing the region reflecting BOLD differences (figure 5B). Differences in
functional activation, however, were regressed out after controlling for GM volume (figure 5C)
suggesting that the functional difference in the left temporo-occipital area was driven by local
GM atrophy. This was further substantiated by a significant negative correlation between GM
volume and BOLD signal in the left temporo-occipital regions (figure 5D). In addition to the
aforementioned applications, BPM can also be used to assess the reproducibility of data as well
as to control for scanner variability in multi-scanner imaging studies (Casanova et al., 2007).
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There are still some concerns that need to be taken into account when using BPM. For
multimodal imaging data, it is very critical to align (i.e. coregister) different modalities as
accurately as possible in the same stereotactic space (e.g. MNI). It is usually recommended that
the same preprocessing pipeline be carried out in different imaging modalities. For example, if
diffeomorphic anatomical registration using exponentiated lie algebra [DARTEL, (Ashburner,
2007)] is used to normalize the GM volume into the MNI template, it is recommended to use the
same procedure / tool in the normalization of the other modalities (e.g. fMRI, PET). Additionally,
due to the voxel-specific nature of the design matrix, it is not unlikely that a desired contrast is
not estimable for certain voxels. Despite these challenges, BPM can provide valuable insights
into neuroimaging studies which use multiple modalities.

Figure 5: [Figure 5 in (Casanova et al., 2007)]. This figure demonstrates BPM result of structure-function integration. (A)
Functional over-recruitment in the left temporo-occipital area in the dyslexic readers compared to the normal readers
(ANOVA). (B) Less GM volume in the left temporo-occipital area in dyslexic readers (ANOVA). (C) Functional over-recruitment
in the left-temporo-occipital area disappears after controlling for GM volume differences between the two groups (ANCOVA).
(D) Voxel-wise structure-function correlation confirms significant correlation in the left temporo-occipital area (correlation).
Reprinted with permission

5.2.3 Multivariate fusion analysis

As it was noted in the previous section, univariate approaches, such as BPM, are more
appropriate for (and also restricted to) the voxel-wise integration of different modalities.
However, due to the vast interconnected nature of the brain, there is an alternative plausible
assumption that changes in one modality modulate, both locally and distally, changes in other
modalities. For example, functional differences in the occipital cortex might be partly mediated
by structural differences in the frontal cortex. Therefore, an alternative approach is required to
provide an examination of the full set of brain voxels between multiple modalities. Multivariate
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approaches typically carry out such an examination across all brain regions by transforming the
data matrix into a set of components (McIntosh et al., 1996; McKeown et al., 1998). Here I
present fusion ICA as an example of a multivariate approach that can be applied to multimodal
imaging datasets.
5.2.3.1 Joint Independent Component Analysis (jICA)

Joint independent component analysis (jICA) is a multivariate technique for analyzing multiple
data types jointly by assuming a common linear mixture between multiple modalities (Calhoun et
al., 2009). This is carried out by decomposing multiple subject-specific features that are collected
from different imaging modalities on each individual into a joint set of maximally spatially
independent components. Such an approach allows for the investigation of the relationship
between all the voxels in both modalities in the sense that any variation in one modality is
attributed to the other within a linear context.
Joint ICA proceeds in the following stages:(i) An initial feature selection is conducted
during which features from multiple modalities (e.g. SPM map, GM map, WM map) are set up
for each individual within each group. (ii) Feature normalization (e.g. the same average sum-ofsquare) is carried out on features to produce a similar unit while preserving within-modality
scaling. (iii) A feature matrix is organized by placing the features from two modalities side-byside, so that each column and row stands for one voxel and one subject, respectively (see figure
6). (iv) Principal component analysis is used to reduce the dimensionality of the feature matrix to
the one estimated by the minimum description length criteria (Calhoun et al., 2001a). (v)
Maximally independent components (each with two features) as well as subject-specific loading
parameters (i.e. measure of how strongly each subject contributes to each component) are
extracted using an ICA algorithm (e.g. Infomax, fast ICA, etc). A schematic figure of the jICA
model is shown in figure 6.
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Figure 6: A schema illustrating the input and output of the fusion ICA. On the left side of the equation, the feature matrix is
organized by placing the features (SPM maps, GM volume, FA / MD maps) from different modalities side-by-side. On the
right side of the equation, maximally independent components (the pink row on the source matrix demonstrate one
component) each with a number of features specified before and their corresponding subject-specific loading parameters
(the pink column represents subject-specific loading parameters for the corresponding component) are shown.

jICA has received an increasing amount of attention in multimodal imaging (Calhoun et
al., 2006a; Calhoun et al., 2006b; Eichele et al., 2008; Liu et al., 2009; Nyberg et al., 2010b;
Stevens et al., 2009). For example, Stevens and colleagues (2007) used fusion ICA to investigate
the relationship between white matter development and age-related differences in neural
functional connectivity. They found two components that were significantly different between
adolescents and adults (figure 7). The first component reflected an increased in WM integrity in
the rostrum of corpus callosum, bilateral temporal lobe WM, and bilateral cerebellum which were
associated with decreased regional functional connectivity in bilateral frontal poles, right inferior
parietal lobe and the brain stem (figure 7A). The authors interpreted this pattern as a decrease in
the need for tightly coupling among noted brain regions during response inhibition, with WM
myelination increase across development. The second component indicated that an increase in
WM integrity in the genu and splenium of the corpus callosum was associated with greater
functional connectivity in the right dorsolateral and ventrolateral prefrontal cortex, and bilateral
inferior/superior parietal lobe (figure 7B). They interpreted this pattern as an ongoing
development of an already established association. Taken together, and using a novel exploratory
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technique, the authors identified WM pathways whose maturation across adolescence were
associated with either increases or decreases in function connectivity. The other critical feature of
jICA, which is also highlighted in this study, is that this data-driven approach can more precisely
localize (but still comparable with some other techniques) age-related changes in specific aspects
of long distance tracts compared to other fiber-tracking methods (e.g. tractography).
Despite its valuable contribution, there are still some challenges in the use of jICA. The
most important challenge is that it is not always easy to interpret the components that are
extracted. For example, in the aforementioned study by Stevens and colleagues (2009), it was not
sufficient to show a significant correlation between age and loading parameters in order to
identify the components that reflected an age effect. Indeed, the relation depicted in each
component only became well-understood by comparing the pattern of relation with the actual
age-related differences within each feature (using the general linear model). Therefore, a
suggested strategy is to combine jICA with a general linear model framework in order to
facilitate interpretation.
5.3 Multimodal MR studies on age-related cognitive differences

Age-related differences in the structure and function of the brain have been largely investigated
separately [e.g. (Bennett et al., 2010; Davis et al., 2008; Raz et al., 2005)]. However, the use of a
single image modality is not sufficient to delineate the neural correlates of cognitive decline. For
instance, despite the common notion that aging is only characterized by progressive loss and
decline, neural correlates associated with cognitive aging have been characterized by both over
recruitment as well as underrecruitment. The interpretation of age-related functional
overactivation largely depends on underlying difference in structure and performance. For
example, age-related functional increase accompanied by poor performance (with/without
structural deterioration) may be seen as supporting for the dedifferentiation theory, which
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Figure 7: [Figure 3 in (Stevens et al., 2009)]. This figure illustrates the association between WM integrity and functional
connectivity and their alteration across adolescent development. For more information, see the text. Reprinted with
permission

suggests that overactivation is driven by the non-selective recruitment of disinhibited regions
(Reuter-Lorenz and Lustig, 2005). On the other hand, age-related functional overrecruitment,
accompanied with preserved structure and intact performance might be interpreted to reflect
preservation (Lindenberger et al., 2011a). In such cases, it is likely that elderly show functional
activation patterns that resemble younger adults, but to a greater extent to cope with higher
cognitive demand (Stern, 2009). In contrast, age-related overrecruitment in the presence of
structural decline and cognitive preservation may reflect successful compensation (Lovden et al.,
2010; Park and Reuter-Lorenz, 2009). This example highlights the necessity of multimodal
imaging in order to exploit information about underlying aging processes that are not accessible
by any modality in isolation. Additionally, multimodal imaging may serve as a tool for
addressing the following questions: Can age-related functional decline in BOLD be accounted for
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by age-related cortical atrophy or WM degeneration? Do age-related white matter microstructural
difference and / or cortical atrophy mediate age-related decline in cognitive performance?
5.3.1 GM volume and task-related BOLD signal changes in aging

There has been an increasing number of studies investigating the relation between GM volume
and task-related differences / changes in neural activation (Brassen et al., 2009; Kalpouzos et al.,
2011; Nyberg et al., 2010a; O'Brien et al., 2010; Schulte et al., 2009). Here, I briefly review some
of those studies - not with the purpose of covering the entire literature of multimodal aging, but
with the intention of finding a model of interaction between structure, function, and behavior in
the aging brain. For example, Kalpouzos and colleagues (2011) recently investigated whether
age-related overrecruitment and /or underrecruitment during the encoding and retrieval of a facename paired-associates task were driven by GM volume loss. They divided the participants into
two groups of young and old based on chronological age. There was no cognitive performance
difference between the groups. The elderly overactivated their left dorsolateral and dorsomedial
prefrontal cortex as well as their left lateral parietal cortex during the retrieval task. During the
encoding task overactivation was found in the left cerebellum. They also found underrecruitment
in a set of brain regions including the occipital cortex during both the encoding and retrieval
tasks. Using BPM, they showed that occipital GM volume loss accounted for local
underrecruitment at encoding in line with a prediction that GM atrophy may partly derive agerelated decline in neural function. Similarly, age-related overactivations in the left dorsolateral
prefrontal cortex, the left parietal cotex, but not the left dorsomedial prefrontal cortex, were
driven by local GM atrophy suggesting that local GM loss may induce overactivation of the
remaining neurons in a compensatory attempt. A positive correlation between frontoparioetal
regions and performance in elderly further substantiated the compensatory nature of the noted
overactivations. In another study, Schulte and colleagues (2009) used a conflict-monitoring task
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during which both old and young participants performed equally well in differentiating congruent
and incongruent stimuli. Yet, the older adults over-recruited a frontoparietal attention network
during the task. However, these differential activation patterns persisted even after GM volume
correction, which convinced the authors to suggest that regional GM atrophy may not affect the
functional integrity of the remaining GM. Alternatively, they proposed that successful aging is
associated with a functional reorganization of neural systems such that older adults may
efficiently adapt to the task demanded by using a different strategy and thus engaging different
concurrent brain networks than their younger counterparts. Similarly, Brassen and colleagues
(2009) used an episodic word recognition task to investigate age-related differences of correct
retrieval in healthy women and their interaction with GM density. They used the ROI approach to
compute the GM density of the PFC and the medial temporal lobe. Despite lower recollection
performance in the elderly, they found an overactivation in the middle temporal gyrus, but an
underactivation in the right prefrontal cortex. They found that local GM density was positively
correlated with signal changes in the right prefrontal cortex, but negatively correlated with signal
changes in the middle temporal gyrus across all the participants. Moreover, they found that a
greater GM density in both of the aforementioned regions was associated with greater BOLD
signal change in the middle temporal gyrus. The authors concluded that age-related differences
during episodic retrieval might be accounted for by age-related volume loss. They also suggested
that successful compensation would only be possible if sufficient integrity of memory-relevant
brain structure remained.
Although all of the studies mentioned above rest upon the use of a cross-sectional design,
there is a longitudinal study that investigated the relation between GM volume and age-related
changes in task-related BOLD signal (O'Brien et al., 2010). Using a longitudinal paradigm with a
face-name associative memory task, O'Brien and colleagues (2010) used the clinical dementia
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rating scale to subdivide the older participants into clinically normal or very mildly impaired at
baseline. They showed that older adults with greater baseline hippocampal activation reflected
the steepest functional decline as well as the greatest cognitive decline over two years. However,
the authors failed to find hippocampal volume changes over two years or a relation between
longitudinal change in hippocampal volume and activation.
The studies reported above reflect four different associations between brain structure,
function , and behavior: (1) Neural activity differences are accompanied by GM atrophy that
accounts for age-related functional underactivation as well as overactivation in high-functioning
elderly (Kalpouzos et al., 2011). (2) Age-related differences in BOLD signal are related to GM
volume loss, and are parallel with lower performance in the elderly compared to their younger
counterparts (Brassen et al., 2009). (3) Age-related functional as well as cognitive decline were
observed despite the absence of structural changes (O'Brien et al., 2010). (4) Age-related
differences in brain structure are unrelated to age-related differences in brain function, with no
behavioral age group differences (Schulte et al., 2009).
The finding of a pattern in which age-related functional differences, accompanied by no
behavioral differences, are unrelated to age-related differences in brain structure is surprising.
This pattern probably suggests that the healthy brain may function above a critical threshold
despite some interindividual variability in GM volume, but only when some of the biological
resources decline to a certain threshold, the extent of decline in brain structure becomes related to
brain function and cognitive performance. Moreover, the compensatory overactivation is possible
when structural shrinkage is mild or moderate (Brassen et al., 2009; Kalpouzos et al., 2011).
Additionally, the absence of behavioral differences related to the functional differences may
highlight the success of functional reorganization. Nevertheless, the diversity of possible
interpretations of the different models put forth in this brief review may suggest the need for
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additional multimodal, and preferably longitudinal, studies to disambiguate the competing
interpretations of the association between brain structure, function, and cognitive performance.
5.3.2 WM integrity and task-related BOLD signal changes in aging

WM pathways connect cortical regions that coordinate local and global neural activations.
Therefore, it is a plausible assumption that age-related WM integrity loss may, at least in part,
mediate age-related differences/changes in neural activation as well as in cognitive performance.
There has been a body of studies investigating the association between WM integrity, functional
activation, and cognitive performance (Gold et al., 2010; Madden et al., 2010; Madden et al.,
2007; Persson et al., 2006). For example, using a task-switching paradigm, Gold and colleagues
(2010) investigated age-related differences in functional activation and behavioral performance
(measured by reaction time) as well as in WM integrity. They showed that older adults had less
WM integrity, measured by lower FA, in the fronto-parietal pathway. Additionally, a smaller
spatial extend of brain activation was found in the fronto-parietal regions in elderly during task
switching, suggesting that age-related differences in the WM pathway are linked to age-related
differences in task-related cortical activation. Moreover, slower and less accurate task switching
in elderly was paralleled by a decrease in the spatial extent of fronto-parietal activation. Using a
similar task, Madden and colleagues (2010) showed that older adults had reduced functional
connectivity, but higher local BOLD signal in prefrontal and parietal cortex (between regions
involved in task switching), which accounted for age-related decline in task-switching
performance (i.e. less effective decision processing). Moreover, older adults had lower WM
integrity in the genu and the splenium of the corpus callosum. However, age-related differences
in white matter integrity did not mediate the functional connectivity within task regions. Madden
and colleagues (2007) combined behavioral performance and cortical activation (during a visual
search task), as well as WM integrity to characterize the age-related changes in the functional
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neuroanatomy of visual attention. They found that overactivation in frontoparietal regions for
older adults was positively correlated with performance on the visual search task, whereas a
greater occipital activation was observed for younger adults, which was correlated with better
performance. Moreover, the authors found that in older adults lower frontal pericallosal FA was
related to higher activation in the superior parietal lobule though it did not mediate the agerelated BOLD activation increase in frontoparietal regions. In another study, Persson and
colleagues (2006) investigated the structure-function correlation of cognitive decline in aging
during an incidental episodic encoding task. They measured the prefrontal changes in BOLD
signal during an incidental episodic encoding task and fractional anisotropy (FA) in three parts of
the corpus callosum (i.e. the genu, body, and splenium). They found that lower WM integrity was
associated with an increase in functional activation of the right prefrontal cortex. Moreover,
elderly with greater BOLD changes in task-related brain regions reflected a greater degree of
decline of episodic memory over ten years.
Lower WM integrity and performance was associated with higher BOLD activation in
two studies (Madden et al., 2010; Persson et al., 2006). This negative relation may reflect
structural disruption and concurrent compensatory responses. Alternatively, diminished WM
integrity within a functional network may result in decreased BOLD signal within that network,
but may also induce increased BOLD signal in other brain regions (Gold et al., 2010).
Taken together, this brief review of four studies that investigated the association between
WM integrity, cognitive performance, and functional activations demonstrates different results. It
is possible that future longitudinal studies can show greater promise in indentifying a
representative model of age-related functional changes and its association to brain structure and
behavioral performance. Additionally, simple structure-function- behavior correlation analysis,
used in the majority of studies, may not be an optimal approach for revealing direct relationships.
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For example, a positive correlation between WM integrity and a cognitive performance does not
necessarily imply a causal role of white matter integrity on age-related differences in cognitive
performance. Thus, a more appropriate statistical approach such as hierarchical regression and
mediation analyses is need.
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6 The aim of this thesis
The brief review of the literature presented above suggests that additional work is still needed to
characterize the cognitive architecture of the brain and its association to cognitive aging. In
particular, it is important to characterize the causal relationship between age-related changes in
brain structure, function, and behavior. Moreover, it is critical to investigate whether the
structure-function-behavior relationship differs between age groups, brain regions, and cognitive
domains. Additionally, the evidence is still inconclusive regarding different aspects of episodic
memory (e.g. encoding vs. retrieval) as well as episodic retrieval (e.g. availability vs.
accessibility) and these aspects need to be further investigated. This thesis attempts to shed some
light on the noted challenges using proper methodology. By doing so, I sought to address the
following questions:
1. Does encoding modality influence availability and / or accessibility signal(s) in episodic memory
(Study I)?

There is some evidence that availability and accessibility signals are expressed in modalityspecific brain regions. However, it is unclear whether encoding modality jointly influences
availability and accessibility signals, or whether it is only associated with one of the signals.
What is the appropriate method for identifying the underlying networks for availability and
accessibility signals in memory?
2. Which brain networks are commonly/uniquely involved in episodic encoding and
retrieval? Does normal aging selectively impair the encoding or retrieval processes or
does it have more process-general influences? Can age-related functional differences be
accounted for by structural differences (Study II)?
Previous research on brain imaging has demonstrated both differences and commonalities across
memory processes. Yet, the involvement of key memory structures (e.g., the hippocampus and
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the prefrontal cortex) remains unclear. Do the same or different segment(s) of the hippocampus
contribute to encoding and retrieval? Which method should be used to scrutinize both indices of
similarities and differences in various aspects of episodic memory? Moreover, it remains unclear
whether aging selectively impairs encoding or retrieval processes, or whether it has more
process-general influences. Finally, it is also important to investigate whether age-related
structural differences mediate potential age-related differences in process-general/-specific
functional networks.
3. Do cross-sectional and longitudinal estimates of age-related changes in brain structure
and function converge? Can structural changes account for functional changes (Study
III)?
Most of the research on aging has been based on a cross-sectional design in which age-related
changes were estimated from age differences. Thereby, majority, if not all, contemporary models
of neurocognitive aging are based on cross-sectional data. However, an important question is
whether longitudinal and cross-sectional estimates of age-related changes in different modalities
converge. Additionally, it is not clear whether structural changes derive functional changes.
4. Do age-related white matter microstructural differences mediate age-related decline in
different cognitive domains (Study IV)?
Age-related WM changes and their influence on cognition have previously received relatively
scant attention. For example, it is not entirely clear which WM tracts are more vulnerable to
aging. Does aging susceptibility seem to be more local or global? It is also unclear whether agerelated WM microstructural differences are more tightly associated with some cognitive measures
compared to the others.
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6.1 Methods
As aforementioned (see introduction), different measures of MRI provide unique information.
For example, fMRI provides information regarding BOLD signal changes, whereas sMRI provide
useful information regarding brain structure, such as GM volume and WM macrostructures. Here,
I present the different imaging methods that were used during the course of this thesis.
6.1.1 fMRI

fMRI is a non-invasive technique that characterizes changes in neural activity over a specific
time interval. This technique rests upon the concept of different magnetic properties of the
molecule hemoglobin in blood depending on whether it carries oxygen or not. As such, fMRI can
detect locations in the brain where the oxygenated blood is accumulated [i.e. blood-oxygenationlevel dependent (BOLD) response]. Assuming that increased blood oxygen is correlated with
neural activations, fMRI allows the researcher to accurately localize brain activity on a secondby-second basis and within millimeters from its origin. That is, in task-related fMRI studies
where subjects perform a cognitive task, regions (or networks) with an increase or decrease in
BOLD response can be identified. This is carried out by utilizing statistical approaches such as
mass univariate (see chapter 2) or multivariate techniques (see chapter 3), depending on whether
the researcher looks for functional specialization or functional integration, respectively.
Before the statistical analysis, all the acquired images from the different subjects need to
be preprocessed in several stages, both to remove uninteresting variability from the data and to
prepare the data for subsequent statistical analysis. The preprocessing is usually carried out by
using statistical parametric mapping software (SPM; Well-come Department of Cognitive
Neurology, University College London, London, United Kingdom). Firstly, all the images need
to be corrected (using temporal interpolation) for acquisition-time differences between slices
within each volume (slice timing). Secondly, the slice-timing corrected images are then rigidly
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aligned to the first image volume to correct for the subject’s movement (realignment). Thirdly,
the realigned images are non-linearly normalized to a common stereotactic space (e.g. the MNI
template or a sample-specific template) to make results from different subjects comparable for
group-level analyses despite some anatomical differences in brain structures (normalization).
Finally, all the images are spatially smoothed using a smoothing kernel with a specific size,
which is at least twice the voxel size (smooth). This procedure was used for study I. For study II
and III, I used a slightly different procedure for the normalization step. The reason for this is that
my sample had a widely distributed age range, and the MNI template is not a very representative
template given the restricted age distribution (mean ± SD: 23.4 ± 4.1) of subjects from which the
MNI was created. Therefore, I used diffeomorphic anatomical registration using exponentiated lie
algebra [DARTEL, (Ashburner, 2007)] to yield a sample-specific template. DARTEL is a tool for
achieving more accurate inter-subject registration, which boosts both localization and sensitivity.
The modified normalization procedure was carried out as follows: A within-subject rigid
registration was conducted to align the functional and structural images together. T1-weighted
images were segmented into gray (GM) and white matter (WM) using a new segmentation
algorithm implemented in SPM8 [modified version of unified segmentation by (Ashburner and
Friston, 2005)]. Then, a group-specific template was created using DARTEL. This was done by
first importing tissue class images (e.g. GM, WM) into the DARTEL space using the
normalization parameters yielded during the segmentation step followed by resampling to
isotropic voxels (1.5× 1.5× 1.5 mm). Then, the imported images went through an iterative
procedure that was initiated by producing an initial template as the mean of GM / WM across all
subjects. Deformations from the initial template to each of the subject-specific GM / WM were
computed and the inverse of the deformations was applied to each of the subject-specific
GM/WM maps. As such, a second template was created as the mean of the deformed subject50

specific GM/WM images across all subjects and this procedure was repeated until the 6th
template was created. Finally, the coregistered fMRI images were non-linearly normalized,
subject-by-subject, to the sample-specific template (using a subject-specific flow field), affinealigned into the MNI template and finally smoothed using an 8.0-mm full-width at halfmaximum (FWHM) Gaussian filter. This procedure was used in both study II and III. The only
difference was that in study III, which was a longitudinal study, a subject-specific template (from
two time points) was first created. Then, a group-specific template was created from subjectspecific templates (for more detailed explanations, see study III).
For the statistical analysis, I used both univariate SPM and multivarite PLS for study I
and II (for a detailed description of univariate and multivariate analyses, please see chapter 3 and
4). For study III, a univariate approach was utilized for the statistical analysis of each image
modality (fMRI, sMRI), separately. However, univariate BPM and multivariate jICA were
utilized for multimodal analyses in study II and III (a more detailed description of multimodal
analysis was given in chapter 4).
6.1.2 sMRI

Structural MRI is a high-resolution T1-weighted image that is usually utilized either to normalize
fMRI images to a common space and/or to enable surface rendering for better visualizations of
fMRI activation. With structural MRI one can estimate global and regional atrophy as well as the
severity of lesions known as white matter hyperintensities. Since a while ago, there have been
some attempts to analyze GM and WM volume or density using the voxel-base morphometry
(VBM) approach (Ashburner and Friston, 2000). The VBM protocol proceeds in the following
preprocessing steps: First, the T1-weighted images are segmented into GM and WM using a
segmentation algorithm. Second, each GM/WM segment is nonlinearly normalized (using
DARTEL) to subject/group-specific templates, affine-aligned to MNI, and are finally smoothed
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by a smoothing kernel (see the previous fMRI section for a further description of this step). This
procedure was carried out in both study II and study III, with the only difference being that in
study III, which was a longitudinal study, a subject-specific template was created followed by a
group-specific template, whereas in study II, which was a cross-sectional study, there was no
need to create a subject-specific template.
The statistical analyses of sMRI data in both studies rested upon a general linear model
framework. For the longitudinal study (III), voxel-wise paired t-tests were carried out to test for
longitudinal GM / WM differences, whereas for the cross-sectional study (II) simple multiple
regression was used to identify local age-related differences. In both studies, total intracranial
volume for each subject was used as a covariate of no interest to adjust for intergender variation
in brain volume.
6.1.3 DTI

DTI is a form of MRI that measures the directionality and magnitude of water molecule diffusion
across tissue components (Basser and Jones, 2002; Basser et al., 1994; Jones, 2008). This
technique is capable of showing intra- and inter-hemispheric white matter pathways that connect
cortical regions. Diffusion is estimated in terms of eigenvectors and corresponding eigenvalues
(λ1, λ2 and λ3 indicate the rate of diffusion along one major axis and two orthogonal minor axes,
respectively) of an ellipsoid from which various properties of water diffusion can be exploited.
Fractional anisotropy (FA) and mean diffusivity (MD) are two of the most frequently used
properties of DTI measures of WM integrity. MD represents the average rate of water diffusion
(mean of λ1, λ2 and λ3) regardless of directionality, whereas FA reflects how direction-specific
(i.e. anisotropic) the diffusion of water is. Higher values of MD denote a high rate of diffusion,
possibly indicating poor local WM integrity. Correspondingly, higher values of FA reflect more
consistent diffusion orientation that is possibly due to intact local WM integrity.
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DTI data was analyzed using the University of Oxford's Center for Functional Magnetic
Resonance Imaging of the Brain (FMRIB) Software Library (FSL) package
(http://www.fmrib.ox.ac.uk/fsl). Preprocessing included eddy-current correction, the creation of
3D FA and MD maps, the normalization of FA and MD maps to a template, the generation of a
group skeleton and the projection of the FA/MD maps onto the skeleton. Given that we had three
subject-specific acquisitions (in study IV), I used a supervised preprocessing protocol: As the
first preprocessing step, the three subject-specific diffusion acquisitions were averaged. This was
carried out by concatenating the three volumes in time followed by the eddy correction of the
concatenated volume (to correct for head movement and eddy current distortions). The eddycorrected volume was then split and averaged to produce a single volume containing six b = 0
and 32 gradient directions. Using this method, multiple repetitions of a given gradient direction
were properly averaged after aligning the corresponding gradient directions to each other to
account for head motion. The first volume within the averaged volume that did not have a
gradient applied (i.e. the first b = 0) was used to generate a binary brain mask with the Brain
Extraction Tool [BET; (Smith, 2002)]. Finally, DTIfit was used to fit a diffusion tensor which is a
mathematical description of the magnitude and directionality of the water molecule movement in
3D space, to each voxel included in the brain mask/space (Smith et al., 2004). As such, voxelwise maps of fractional anisotropy (FA) and mean diffusivity (MD) were yielded. The remaining
processing stream followed the Tract-Based Spatial Statistics (TBSS) method, distributed as a
part of the FMRIB software library package (Smith et al., 2006). First, all FA images were nonlinearly normalized (using intermediate degrees of freedom) to the most typical subject of the
entire group and then affine-aligned into 1×1×1 mm3 MNI152 standard space for convenience of
interpretation (Smith et al., 2006). The most typical subject was identified by registering all
subjects to each other (Kochunov et al., 2001), and the one that had the minimum mean distance
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(of the warp field) to all the other subjects was used. Next, individually transformed FA images
were averaged to produce a mean FA of the entire group. This image was fed into the tract
skeleton generation program to produce a group skeleton. The group skeleton was generated by a
morphological operation that extracted the medial axis of white matter fiber-tracts that were
common to all subjects (the mean FA skeleton was thresholded at 0.2 to exclude voxels
containing gray matter or cerebrospinal fluid). Finally, each subject's aligned FA image was
projected onto the skeleton. This was carried out by initially searching a subject-specific FA
image in the perpendicular tract direction to find the peak FA value, and then assigning this value
to the corresponding point on the skeleton. As FA values vary rapidly in the perpendicular but not
the parallel direction of the local fiber bundle, the peak FA that was mapped onto the skeleton
should represent the center of the tracts. Taken together, this step accounted for residual
misalignments induced by initial non-linear registrations. For MD images, the procedure was
exactly the same but the non-linear transformation and projection vector extracted from the FA
images were applied to MD maps to align them to the target. For the specific tract (ROI)
analyses, averaged FA and MD along the spatial course of certain major WM tracts were
computed with reference to JHU ICBM-DTI-81 white matter labels, which are part of the FSL
atlas tools that were developed at John Hopkins University and distributed with the FSL package.
For statistical analysis, a within-group skeleton-wise regression was carried out for FA /
MD maps, separately. The regression model included mean-centered age, the mean-centered
square of the orthogonal age, and mean-centered sex. The significance of the effect of interest
was assessed using 5000 permutation tests. Thereafter, the evaluation of the mediation effect was
carried out using a hierarchical regression.
6.1.4 Participants
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The subjects included in three of the empirical studies (II & III & IV) were part of the BETULA
prospective cohort study on memory, health, and aging (Nilsson et al., 2004; Nilsson et al.,
1997). BETULA is an ongoing longitudinal study that includes cognitive and medical data for
nearly 4500 subjects. All the subjects were Swedish native speakers, had normal or corrected-tonormal vision, and had no history of severe neurological illness or events that might cause
dementia. The older adults were examined by a physician and were generally healthy with no
evidence of severe health problems (e.g. severe heart or kidney diseases). At present, five waves
of data collection have been completed [T1-T5; for more details see (Nilsson et al., 2004)].
There were 292 subjects that were selected for study II (mean = 59.5 ± 13.1years; 152
females) and that participated at three time points, but scanned at T5 of BETULA. All these
subjects' MRI images were collected on the 3T GE scanner. Of these 292 subjects, 287 subjects
(mean = 59.3 ± 13.1years; 148 females) had good quality DTI data and were included in study
IV.
In study III, 60 cognitively intact subjects (49–79 years; mean = 66.0 ± 8.1 years: 37
women) were recruited for the baseline study in 2002. Of these 60 subjects, only 38 subjects
completed the 2008 follow-up study (55-84 years; mean = 71.0 ± 8.1 years). The reasons for this
exclusion included death (4 subjects, 18.2%); dementia (2 subjects, 9.1%); serious illnesses (5
subjects, 22.7%), that included stroke, blindness, pacemaker operation, and severe back pain. One
additional subject was excluded from the follow-up analyses because of a contaminated structural
image. All images at both baseline and follow-up were collected on the same 1.5-T Philips Intra
scanner (Philips Medical System).
Sixteen right-handed participants (mean age 25 years; age range 21–40; 10 females)
received financial compensation for their participation in study I. All the participants had normal
or corrected-to-normal vision and were in good general health with no prior history of
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neurological or psychiatric complaints (none of the subjects reported drug/alcohol abuse). All the
participants' images in this study were collected on a 3T Philips Achieva scanner.
6.1.5 Task protocols and behavioral analyses
Study I: In study I, the subjects underwent three separate phases of an encoding-recall-

recognition paradigm in which only the cued-recall test took place in the fMRI scanner. During
the encoding phase, the subjects memorized 40 pictures and 40 sounds. Each picture was
presented for 2.5 s on a computer screen while each sound stimulus was played between 2–4 s.
The subjects performed a cued-recall test in the fMRI scanner approximately 24 h after encoding.
The cued-recall stimuli consisted of 240 nouns, of which 80 corresponded to the previously
encoded pictures and sounds and the remaining 160 words (80 concrete /80 abstract) were
unrelated (i.e. new words). Each word was presented for 2.5 s, followed by a fixation cross
(duration 2 s). Circles that indicated rest-time periods were presented after every 10 words
(duration 20 s). During the cued-recall phase, the subjects were explicitly instructed to indicate
whether they could remember a sound or picture that corresponded to each word by pressing a
button with their right ring finger as quickly as possible. In addition, they categorized each word
as concrete or abstract by pressing buttons with their index and middle fingers, respectively.
After the cued-recall phase, outside the scanning room, the subjects were administrated a Yes/No
recognition test in which all the encoded sounds and pictures (40 of each kind) were presented
intermixed with 40 new items (20 sounds and 20 pictures). The subjects were required to press
“1” or “2” on a keyboard to indicate whether or not they recognized sounds and pictures from the
initial encoding phase.
Behavioral data were analyzed by measuring reaction time and accuracy. The accuracy
(hit rates vs. false alarm rates) across both recall and recognition tests was evaluated using t-test.
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Additionally, mean reaction times for the categorization response were evaluated by one-way
ANOVA followed by a post-hoc Fisher test.
Study II: In study II, the face-name paired-associates (FN-PA) task was used, which was

consisted of 20 blocks (in total) of encoding, retrieval, and control tasks, alternating during the
scanning session. Within each encoding and retrieval block (6 blocks each), 4 stimuli were
presented for 4 seconds with a randomized inter-stimulus interval (ISI) of 1.5, 2.5, 3 and 4.5
seconds. Block-specific instructions were provided to the subjects before each block for 4
seconds. During the encoding block, the face-name stimuli were presented and subjects were
instructed to remember the name that was associated with each face. They were also instructed to
press a button, using their index finger, to indicate that they saw a face-name pair. During the
retrieval block, each face was presented along with three letters of which one corresponded to the
first letter of the previously encoded face-name pair. The task was to indicate the letter that
corresponded to the name that was previously encoded with the face. The top, middle and bottom
letters corresponded to the index, the ring and the middle fingers, respectively. The subjects were
instructed to respond by guessing if they could not remember the face-name pair. During each
control block (total of 8 blocks), a fixation cross appeared in the center of the visual field for 12.5 seconds and was then randomly replaced with a circle that appeared for 0.5 of a second. The
circle was followed by another fixation cross that was presented for 2-3.5 seconds. The subjects
were instructed to indicate, as quickly as possible, when the fixation cross changed to a circle.
Behavioral data were analyzed by measures of accuracy (hit rates) during retrieval.
Study III: In study III, a semantic categorization task was administrated while fMRI was

conducted. The subjects categorized each of the 160 words in a word list as either abstract or
concrete. One half of the words (80 words) were familiar to the subjects. During fMRI scanning,
a blocked-task paradigm that included the experimental (categorization) condition (30 s) and a
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baseline (fixation) condition (21 s) was used. During categorization, the subjects pressed one of
the two buttons to give responses using the right index and middle fingers, whereas they viewed a
cross-hair constantly displayed on the center of the screen during fixation. Four runs, each
starting and ending with a brief fixation block (12 s), were administered. Each run consisted of
four categorization blocks containing 10 words each: either 10 familiar (presented twice before)
or 10 previously unseen words. Finally, a post-scan yes/no recognition test was conducted 15–20
mins after the scanning sessions during which the participants indicated whether a presented
word was previously unseen or previously studied.
Behavioral data were analyzed by measures of accuracy and reaction time for the word
categorization test as well as the post-scan recognition test. A paired t-test was conducted for
each measure to evaluated age-related changes over 6 years.
Study IV: In study IV, the subjects, as participants of the BETULA project, underwent the MMT

(Folstein et al., 1975), followed by a neuropsychological assessment with the BETULA test
battery (Nilsson et al., 1997), including block design, letter/digit substitution and several tests of
episodic memory and fluency. Composite scores for episodic memory (five tasks: free recall of
sentences with and without enactment, category cued recall of sentences with and without
enactment, and immediate free recall of word list) and fluency (three word fluency tasks: initial
letter A, initial letter M for five-letter words, initial letter B for names of professions) were
calculated by summing scores across tests.
The age effect on neuropsychological measures was assessed using a simple regression
approach with age as the only explanatory variable.
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7 Overview of the empirical studies
In the previous section, I provided an overview of the experimental design, the participants, and
employed statistical methods for each empirical study. In what follows, I present and interpret the
results of each study.
7.1 Study I

The failure to remember information could be due to either not having the information available
in memory or not having access, temporarily, to the available information. In both cases, no
memory response would be elicited. However, the non-accessible (but available) information
may suddenly come to mind, possibly by providing a more supportive cue. The distinction
between availability and accessibility signals in memory was first introduced by (Tulving and
Pearlstone, 1966). Recently, Habib and Nyberg (2008) conducted an fMRI study to characterize
the neural underpinnings of availability and accessibility in memory using a verbal-paired
association task. They found that the availability signal was expressed in the left middle temporal
cortex, an area potentially involved in the storage of paired-associate information in memory
(Miyashita, 2004). Accordingly, the successful retrieval of episodic information (i.e. memory
access) has also been associated with differential activation in not only modality-specific brain
regions (Nyberg et al., 2000b; Wheeler et al., 2000), but also in modality-independent brain
regions (Nyberg et al., 1996c; Nyberg et al., 1996d). Taken together, it has been unclear whether
availability and /or accessibility would be expressed in modality-specific and / or modalityindependent brain regions.
In study I, I investigated whether encoding modality jointly influences availability and
accessibility networks (possibly reflecting quantitative differences). Alternatively, encoding
modality would only be associated with accessibility, or only with availability (possibly
reflecting qualitative differences). I found that the multivariate task PLS should be an appropriate
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tool to address this question given its three important characteristics: (1) PLS reflects timevarying distributed patterns of brain activity as a function of the task, thereby both temporal and
spatial networks that are associated with availability and accessibility signals would be identified.
(2) PLS does not make any assumption about how conditions collate to form a pattern. Thus, it is
not restricted to any a-priori hypothesis regarding the association between availability and
accessibility signals. (3) PLS accommodates indices of both similarities and differences by
utilizing all the experimental variables simultaneously and could thus identify both functional
commonality and differences, if any, between availability and accessibility signals.
In study I, PLS identified two significant LVs (figure 2 and 3 in paper I). The first LV
reflected modality-independent accessibility by differentiating accessible sound and picture from
non-recalled items (i.e. available sound, available picture, and forgotten sound/picture).This LV
was largely expressed in modality-independent regions including the left inferior frontal cortex,
the left inferior parietal cortex, and the left hippocampus. The second LV reflected modalityspecific availability by differentiating the available sound from the available picture, while the
other three conditions were roughly around zero. This LV was largely expressed in modalityspecific regions, such that increased activity in the auditory and visual cortex was associated to
the available sound and the available picture, respectively.
By revealing separate accessibility and availability networks, rather than common
modality-specific networks for the accessible and available information, the outcome of the
multivariate PLS analysis highlighted the qualitative differences between available and accessible
memories.
7.2 Study II

A large body of neuroimaging studies has focused on the neural correlate of relational episodic
encoding and retrieval (Kirwan and Stark, 2004; Lepage et al., 1998; Nyberg et al., 1996b;
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Persson et al., 2010). Most of the emphasis in these studies has been on exploring the functional
differences between episodic encoding and retrieval (Kirwan and Stark, 2004; Lepage et al.,
1998). The results have confirmed the selective role of MTL as well as the lateral prefrontal
cortex during episodic encoding and retrieval. In contrast, cross-study comparisons have
indicated that encoding and retrieval engage many of the same brain regions (Persson et al., 2010;
Persson and Nyberg, 2000). Accordingly, several previous neuroimaging studies have reported
some degree of anatomical overlap among activation patterns associated with attention, working
memory, conscious perception, and episodic memory (Cabeza and Nyberg, 2000; Naghavi and
Nyberg, 2005). Taken together, previous imaging studies have demonstrated both commonalities
(process-general activation patterns) and selectivity in frontal and MTL regional activity.
On the other hand, episodic memory is the most vulnerable long-term memory system to
aging (Nyberg et al., 1996a; Ronnlund et al., 2005). However, due to the process impure nature
of cognitive tasks, it is difficult to conclude whether age-related deficits in the core episodic
memory network or in the general process network derive age-related changes in functional
networks of the episodic memory. It is also unclear whether aging selectively impairs encoding or
retrieval processes, or whether it has more process-general influences.
In study II, I further investigated the general and specific functional networks of brain
regions involved in episodic encoding and retrieval, and their association with aging. PLS was
used to dissociate encoding and retrieval from each other as well as from shared cognitive-control
processes. If encoding and retrieval engage many of the same brain regions, the PLS analysis
should reveal a common network relative to the baseline task. Alternatively, or in addition, if
some brain regions are differentially engaged during encoding and retrieval, PLS might reveal
process-specific encoding and retrieval networks. To discover whether aging influence general
process and/or specific-process of episodic memory, the relation between individual "brain
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scores" from the PLS analysis, representing an integrated measure of how strongly an individual
recruited a certain brain network, and memory performance as well as chronological age was
investigated using correlation analysis.
PLS identified two significant LVs (figure 1 in paper II). The first LV reflected a processgeneral activation pattern by differentiating both encoding and retrieval from baseline. This
pattern was very extensive with dominant contributions from the inferior parietal cortex, the
middle and inferior frontal cortex and the posterior hippocampus, bilaterally. The second LV
reflected a process-specific activation pattern by differentiating encoding and retrieval conditions.
The bilateral anterior hippocampus and the left prefrontal cortex reflected greater levels of
activity during encoding than during retrieval, whereas the left middle occipital, the bilateral
cerebellum, and the right inferior frontal showed greater levels of activity during retrieval than
during encoding. Taken together, PLS analysis identified distinct encoding and retrieval
networks, and separate these from a process-general network. Additionally, the posterior HC
seemed to be a critical region in the process-general network, whereas the anterior HC was more
attributed to a process-unique network with greater levels of activation during encoding than
during retrieval (figure 2 in manuscript II).
The averaged brain scores from LV1 showed a significant positive correlation with age as
well as significant negative correlations with episodic memory performance. This suggests that
the brain network identified by LV1 is more recruited by elderly, and strong engagement of this
network predicted lower memory performance. In contrast, encoding scores from LV2 were
negatively correlated with age and positively correlated with memory performance suggesting
that older adults tended to recruit this network in a lesser degree, and thus perform less efficient
during the memory tests. For the retrieval network of LV2, the correlations were non-significant.
Further investigations revealed that among the most contributive regions in LV2, only the
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bilateral HC was susceptible to aging. This was further substantiated by a univariate regression
analysis across the whole brain which identified the strongest age-effect in the bilateral
hippocampus. Plot of the signal changes in the hippocampus identified some elderly with very
low hippocampal activation. Further investigation (for more detail see discussion) confirmed that
low-activators in the oldest group were unlikely to be in an early preclinical phase of dementia.
In the final set of analyses, BPM was used to investigate whether age-related differences
in bilateral hippocampus during the encoding of face-name paired-associates was accounted for
by local gray matter atrophy (figure 8). Age-related diminished hippocampal activation persisted
after controlling for local GM volume, but in smaller extend and a reduced peak value (figure 8).

Figure 8: (A) Regression analysis reflecting age-related functional differences (diminished hippocampal activation, bilaterally).
(B) Regression analysis demonstrating age-related volume loss (small hippocampal atrophy in the left hemisphere). (C)
Regression analysis indicating age-related functional changes after controlling for local GM loss (diminished hippocampal
activation persist but in smaller extend).

JICA was also used to investigate whether age-related BOLD changes during episodic
encoding could have been partly derived by age-related differences in WM integrity. I found that
age-related decline in bilateral lingual gyrus (second most vulnerable region to aging) during
episodic encoding was partly driven by WM deterioration in the splenium of the corpus callosum
(figure 9).
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Taken together, age-related GM loss partly mediated age-related functional decline in the
hippocampus and, in turn, impaired the functional encoding network. In addition, the elder's
efforts to compensate for impaired encoding network by over-recruiting the general specific
network turned to be unsuccessful.

Figure 9: Functional-Structural fusion using fusion ICA. Greater WM integrity in the genu and the splenium of the corpus
callosum (the top right panel) are associated with greater activation in the bilateral lingual cortex (the top left panel). This
association is indicated by loading parameters which decreased with increasing age (bottom panel).

7.3 Study III

A large body of neuroimaging studies of the aging brain has been based on a cross-sectional
design in which age-related changes in brain structure and function have been estimated from
age-related differences. However, previous cross-sectional studies of cognitive aging have
produced some controversial findings. For example, frontal lobe aging is at the heart of quandary.
Functional neuroimaging studies have frequently revealed age-related underactivation as well as
overactivation in the frontal cortex (Davis et al., 2008; Rajah and D'Esposito, 2005).
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Overactivation in the frontal cortex has been interpreted to be deleterious (Li and Lindenberger,
1999) or compensatory (Cabeza et al., 2002a). However, the fact that past demonstrations of
frontal overrecruitment in aging were based on cross-sectional comparisons prevents strong
conclusions, from being made. It is well documented that cross-sectional estimates of age-related
cognitive decline can deviate from estimates based on longitudinal designs (Ronnlund et al.,
2005). Similarly, a comparison of cross-sectional and longitudinal analyses of structural brain
integrity in aging revealed that longitudinal measures of shrinkage exceeded cross-sectional
estimates (Raz et al., 2005).
In Study III, I investigated whether cross-sectional and longitudinal estimates of agerelated changes in brain structure and function converge. Furthermore, it was investigated
whether age-related functional changes were accounted for by age-related structural changes.
The longitudinal analysis of gray matter (GM) changes revealed marked volume
reductions in several regions, including the caudate and cerebellum. In addition, significant GM
reduction was observed in the thalamus and in the temporal and frontal cortices. The
corresponding cross-sectional analyses did not show any significant age-related differences at the
statistical level used in the longitudinal analysis. At a more liberal threshold, the results partially
converged with the longitudinal findings by revealing age-related GM reduction in the
frontotemporal cortex and cerebellum, but there was no or only weak support for reductions in
the caudate and thalamus.
Longitudinal within-person comparisons of changes in BOLD signal revealed that a
subset of the task-relevant regions showed a time-related reduction (figure 3 in paper III). This
set of regions included areas in the occipital cortex and right prefrontal cortex. A plot of withinperson changes in the right prefrontal cortex depicted a non-linear trend with accelerated decline
after 65 years of age. In contrast, a cross-sectional assessment of the age effect in the right frontal
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region in which longitudinal underrecruitment was found, revealed trends toward overrecruitment
at both the 2002 and 2008 sessions. It was shown that cross-sectionally observed age-related
frontal overactivation was driven by a high-performing subsample of elderly who remained in the
study for over 6 years. In contrast, increasing age was related to occipital underrecruitment in
cross-sectional estimates, which was consistent with the longitudinal estimate of age-related
changes in BOLD signal in that region.
Using fusion ICA, I also showed that age-related functional decline in the right prefrontal
cortex was partly driven by local GM atrophy, whereas age-related decline in the occipital cortex
may be partly accounted for by distal GM atrophy in other brain structures.
Taken together, cross-sectional estimates of age-related changes in brain structure and
function may substantially deviate from longitudinal measures.
7.4 Study IV

Aging is associated with structural changes in the gray and white matter (WM) of the brain. WM
deterioration contributes to a disconnection among distributed brain networks and may thus
mediate age-related cognitive decline. Despite the relatively large body of studies documenting
age-related differences in WM microstructure (Bennett et al., 2010; Burzynska et al., 2010), the
relation between WM and cognition, as well as their joint association with aging, is still a matter
of debate (Madden et al., 2009a).
In study IV, I firstly tested a prediction concerning age effect on WM integrity (FA
decrease and MD increase) and investigated whether such an effect would lend support to the
anterior-posterior gradient of WM integrity. Secondly, and of main interest, I investigated the
specificity of associations among WM integrity and cognitive measures (i.e. episodic memory,
visuospatial processing, fluency, and speed). This was carried out using hierarchical regression
analyses set up to delineate whether WM integrity mediates the effects of aging on cognition.
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Behaviorally, a typical pattern of age-related cognitive decline was observed on episodic
memory, visuospatial ability, and processing speed, but not fluency. Additionally, the overall FA
and MD values across the entire skeleton showed a strong age effect, with a non-linear trend that
suggested accelerated WM deterioration in the oldest age groups (i.e.65-80 years). Moreover, an
extensive age-related FA reduction and MD increase was observed throughout the majority of the
WM tracts in the skeleton. The age-related pattern of FA reduction and MD increase was more
pronounced in anterior tracts, including the genu of the corpus callosum.
To examine tract-specific associations with the four cognitive outcome measures, twelve
white-matter regions of interest (ROIs) were defined based on previous DTI studies of aging
(Kochunov et al., 2010; Sullivan et al., 2006). Fluency did not correlate with age or DTI
measures in any of the ROIs, whereas for other three cognitive measures, mean FA/MD in the
majority of ROIs, was positively/negatively correlated with task performance, respectively.
However, using hierarchical regression, I found that mean MD in both the corona radiata and the
entire skeleton significantly mediated age-related slowing in the visual substitution task (speed),
such that higher MD was associated with slower cognitive operation. No other WM tract
mediated age-related decline in any other cognitive task.
Taken together, we found some evidences in support of the most commonly observed
pattern (FA ↓ MD ↑) of age-related changes in WM integrity. However, we did not find any
support for the proposition that age-related WM deterioration mediates cognitive decline in
aging.
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8 Discussion
8.1 Discussion of empirical findings

A combination of fMRI, sMRI and DTI were used in this thesis to investigate the neuroanatomy
of different memory systems, in particular episodic memory, in adult and in relation to aging. To
accomplish this, suitable multivariate and multimodal techniques were employed to address
different cognitive questions in single and / or multiple modalities.
In study I, the finding of qualitative differences between available and accessible
memories is partly in line with a previous study by Habib and Nyberg (2008). They reported
some regions with a significant difference between accessible-available, but not between
available-forgotten. However, at first glance the qualitative differences found in our study may
look incompatible compared to the quantitative differences in the aforementioned study, but it is
important to note that Habib and Nyberg (2008) used a univariate analytic approach to explicitly
test an a priori assumption (i.e. quantitative differences between availability, accessibility, and
forgotten items). Given the previously noted shortcoming of the univariate approach, it is unclear
from their study whether the identified pattern, indicating quantitative differences, stands for a
larger variance of the data compared to the alternative pattern reflecting qualitative differences.
Indeed, I also found a statistically non-significant pattern using a multivariate analytic approach
in study I (accounting for a small portion of variance in the data), and this reflected the
quantitative difference between availability and accessibility.
In relation to finding qualitative difference between availability and accessibility, a fair
question might be why such differences were found. Potentially, this difference is established at
the time of encoding when deep semantic/conceptual information was generated and incorporated
into the memory trace for subsequently accessible items.
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In study II, the first finding was the identification of two orthogonal patterns that were
suggestive of general and specific memory operations. The process-general activation pattern
reflected joint demands on attentional, executive, and strategic processing, which are common
processes for both encoding and retrieval (Nyberg et al., 1996b) as well as working memory,
attention, and conscious perception(Cabeza et al., 2002b; Cabeza and Nyberg, 2000; Naghavi and
Nyberg, 2005). The second pattern reflected activations that were unique to encoding or retrieval,
particularly in frontal and MTL regions, and consistent with the perspective that there are
process-specific networks that distinguish different aspects of episodic memory (Lepage et al.,
1998; Nyberg et al., 1996c). This pattern reflected the selective role of left- and right-sided
regions of the prefrontal cortex during encoding and retrieval, respectively. This is in line with
the hemispheric encoding/retrieval asymmetry (HERA) model (Habib et al., 2003; Nyberg et al.,
1996b; Tulving et al., 1994). Additionally, the bilateral anterior hippocampus activation reflected
process-specificity with greater activation during encoding than during retrieval. Taken together,
the bilateral posterior hippocampus has been found to be jointly activated during encoding and
retrieval whereas the bilateral anterior hippocampus showed greater activation during encoding
than during retrieval. This is in line with previous evidence of a functional specialization in
different segments of the hippocampus during episodic encoding and retrieval tasks (Gabrieli,
1997; Persson et al., 2010; Schacter and Wagner, 1999). Moreover, convincing evidence that
encoding and retrieval engage different regions within the hippocampus was obtained in a highresolution fMRI-study (Zeineh et al., 2003). They found that the cornu ammonis (CA) fields 2
and 3 and the dentate gyrus were more active during encoding, whereas the subiculum showed
greater activation during retrieval.
The second critical finding of study II was that both the general network and the processspecific networks were related to age and cognitive performance with strikingly opposite
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patterns. These opposite patterns of correlation suggest that age-related episodic memory
impairment may be caused by inefficient use of the encoding network, which in turn cascades
into an overreliance on general cognitive-control process.
Taken together, study II put forth a model where age-related structural brain changes, in
the hippocampus and possibly elsewhere, partly induce age-related inefficient engagement of a
process-specific encoding network along with up-regulated recruitment of a general cognitive
control network.
Both PLS and multiple regression analyses confirmed that diminished hippocampal
activation contributed to inefficient encoding. Age-related decline in the bilateral anterior
hippocampus showed a nonlinear trend. There has been a large debate regarding the effect of age
on hippocampus functioning during episodic memory [for review see (Buckner, 2004; Hedden
and Gabrieli, 2004)], and some studies showed age-related HC hypoactivation (Daselaar et al.,
2006; Gutchess et al., 2005), while others claim HC preservation across the adult life span
(Persson et al., 2010). Age-related diminished hippocampal activation has also been associated
with the early stages of Alzheimer's disease (AD) compared with normal aging (Sperling et al.,
2003). Here, I did not find any evidence in support of the hypothesis that age-related decline in
the hippocampus was driven by elderly in the preclinical stage of dementia: the elderly who
reflected reduced HC activation were neither carriers of APOE €4 (which is a known risk factor
for AD) nor low-performers on the MMT task (>26). Most importantly, based on longitudinal
memory performance that was obtained from the BETULA test battery the majority of the elderly
were categorized as "cognitive maintainers", rather than decliners. Finally, using multimodal
imaging, we showed that diminished hippocampal activation was partly driven by local structural
changes. However, local gray matter atrophy did not completely derive the diminished
hippocampal activation. The results suggested that age-related decline in the bilateral anterior
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hippocampus is a consequence of normal aging and may predict future memory decline. Previous
studies have showed that increased MTL atrophy, which may induce diminished MTL activation,
predicts the future memory decline in healthy elderly individuals (Rusinek et al., 2003).
The use of a multivariate, data-driven PLS approach was instrumental for the first two
studies (study I and II). First of all, PLS accommodates indices of similarities and differences by
utilizing all the experimental variables, simultaneously. Consequently, PLS identified brain
regions commonly engaged for both pictorial and auditory accessible information in study I.
Moreover, it also identified different modality-specific regions that distinguished available
sounds and available pictures. Accordingly, PLS identified both process-general (commonalities)
and process-specific (differences) brain networks for episodic encoding and retrieval in study II.
Secondly, the assumption-free nature of PLS (regarding the shape of HRF) was instrumental in
identifying the build-up pattern associated to the modality-specific availability network in study I.
Thirdly, making no assumption about how conditions collate to form a pattern, PLS identified
contrasts that represented the most variance in the (cross-correlated) data. As such, in study I,
PLS identified two statistically significant patterns of modality-independent accessibility and
modality-specific availability, which together accounted for 72% of the cross-block covariance.
Fourthly, PLS parses data into a simpler representation that reflects variability across subjects. As
such, PLS computes a subject-specific brain score that can be associated to variables of interest
such as chronological age and memory performance. For instance, in study II, findings of a
positive relation with performance and a negative relation with age served to validate the
observed networks as process-specific reflections of the episodic memory system. Fifthly, the
simultaneous analysis of spatial and temporal patterns, highlighted in study I, is a noteworthy
feature of the PLS analysis. All in all, PLS provided a good summary of data in the sense that
little information is lost in order to explain the data.
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In study III, cross-sectional estimates of age-related changes in brain structure and
function were compared with 6-y longitudinal estimates. The results indicated increased
sensitivity of the longitudinal approach as well as qualitative differences (for a detailed
discussion regarding longitudinal designs vs. cross-sectional designs, see general discussion).
Critically, the cross-sectional analyses were suggestive of age-related frontal overrecruitment,
whereas the longitudinal analyses revealed frontal underrecruitment with advancing age. The
cross-sectional observation of overrecruitment was driven by a select elderly sample. However,
when followed over time, this sample showed reduced frontal recruitment. Taken together, our
finding suggests that aging is associated with underrecruitment rather than overrecruitment of the
frontal cortex. This finding is partly consistent with a few previous cross-sectional studies
showing age-related reduction in the frontal region during a semantic processing task (Madden et
al., 2002; Madden et al., 1996). However, the two noted studies by Madden and colleagues
investigated age-related decline during lexical decisions (word/non-word). The lack of agerelated prefrontal overrecruitment in those studies might be partly due to the shallow semantic
processing tasks. Whereas our finding of age-related frontal underrecruitment is in line with a
few studies, it is in conflict with the most frequent findings of age-related overrecruitment in the
prefrontal cortex. Our findings add to previous demonstrations of discrepancies between results
derived from longitudinal compared with crosssectional designs (Raz et al., 2005; Ronnlund et
al., 2005).
In study IV, age related decreases in FA and increases in MD were observed across the
entire WM skeleton as well as in specific WM tracts, reflecting a combination of degeneration of
axons and demyelination (Bennett et al., 2010; Pfefferbaum et al., 2000; Sullivan et al., 2006).
The age-related decrease in FA and increase in MD were more pronounced in the anterior section
of the corpus callosum compared to the posterior section, further substantiating the anterior–
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posterior gradient of WM integrity in the corpus callosum (Bennett et al., 2010; Damoiseaux et
al., 2009; Hedden and Gabrieli, 2004). Most critically, I did not find any evidence from the
hierarchical regression analyses in study IV supporting that WM integrity differences mediated
age-related cognitive decline in tasks measuring episodic memory and visuospatial ability despite significant simple correlations between WM and cognition (across age). The only support
for a mediation effect was obtained from mean MD in both the corona radiata and the entire
skeleton, which significantly mediated age-related slowing in a visual substitution task. The
corona radiate, which was identified as the strongest mediator for processing speed, is a major
WM tract that runs along the anterior–posterior axis of the brain and supports frontoparietal
network interaction, which might be required for the speed component of the visual substitution
task. Similarly, a previous study has shown that age-related decline in task switching reaction
time was in part mediated by integrity within a frontoparietal WM tract (Gold et al., 2010). The
finding in study IV implicates WM as one source of age-related decline in tasks measuring
processing speed, but they do not support the view that a major cause of age-related differences
in episodic memory or visuospatial processing is age-related changes to white-matter pathways.
Whereas this finding conflicts with some previous claims of normal aging as a “disconnection
syndrome”(Bartzokis, 2004; O' Sullivan et al., 2001), it is in line with some other observations
(Gold et al., 2010; Madden et al., 2009b; Shenkin et al., 2005).
A common aspect of the last three studies (study II, III and IV) is their multimodal
characteristic. In study II, I first used BPM to highlight whether the diminished hippocampal
activation was driven by local GM atrophy. I further investigated whether WM integrity
accounted for age-related decline in the hippocampus using a joint ICA, given that voxel-byvoxel integration was not available for such analysis. Although local GM atrophy partly derived
age-related functional decline in the hippocampus, it did not entirely accounted for the
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diminished hippocampal activation. Additionally, WM integrity did not account for diminished
hippocampal activation. In study III, however, I found a different result from the multimodal
fusion of structural and functional MRI. Using fusion ICA, I found that local GM atrophy
accounted for age-related changes in the right prefrontal cortex, whereas distal GM atrophy may
partly account for age-related diminished occipital activation over 6 years. Finally, in study IV, I
used a ROI analysis approach to investigate whether differences in WM integrity mediated age
differences in four different cognitive performances. As discussed previously, I found that WM
integrity differences mediated age-related reduction in processing speed but not episodic
memory, visuospatial ability, or fluency.
8.2 General discussion

The purpose of the work described in this thesis was to broaden the understanding of both the
cognitive architecture and aging of the brain using appropriate methodologies. For example, the
architecture of different aspects of episodic memory can be characterized using a multivariate
technique, whereas competing theories of cognitive aging can be investigated through the
multimodal integration of age-related changes in brain structure, function, and behavior. Two
important questions regarding the cognitive architecture of the brain and its association to aging
were asked: (1) What does the architecture as well as the neural signatures of different aspects of
episodic memory look like? (2) Does the structure-function-behavior relationship differ between
experimental designs (i.e. longitudinal vs. cross-sectional), brain regions, and cognitive domains?
Furthermore, I tried to touch upon the novel contribution of the multivariate and multimodal
analytic approaches when addressing the two questions.
8.2.1 The Architecture of episodic memory
The use of a multivariate, data-driven PLS approach was instrumental in guiding the cognitive
theories of episodic memory. With regard to aspects of episodic memory, PLS identified both
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process-general and process-specific networks during episodic encoding and episodic retrieval.
These networks corroborate the emerging view that there are both regional commonalities and
differences between different aspects of episodic memory. Moreover, by revealing a processgeneral network as the first significant LV, which accounted for the most variance of data, the
outcome of the PLS analysis suggests that there are more commonalities than differences
(Nyberg et al., 1996b). Still, there were some portions of data that accounted for considerably less
variance than LV1, manifesting process-specific aspects of the episodic memory system. This
network, which included the frontal cortex and hippocampus bilaterally, may lie a good
foundation for future work that relates functional brain maps to genes (see future directions).
Using the subject-specific brain scores from LV2 as an indicator of a person's episodic encoding
and retrieval network, we would be able to alleviate the need for the multiple comparisons
problem in Genome-wide association GWAS-fMRI studies. Most critically, the brain scores, as
measures of the episodic memory system, may predict some of the variability in genes given that
those scores are well related to the previously investigated validation parameters (e.g. an episodic
memory score from BETULA test battery). Taken together, PLS not only guides cognitive
theories of episodic memory, but may also provide a potential solution for further associations of
such episodic networks to GWAS.
With regard to retrieval from episodic memory, PLS can further characterize different
operationally defined signals of episodic retrieval subdivisions, namely, accessible, available, and
forgotten memories. By revealing two orthogonal patterns of modality-independent accessibility
and modality-specific availability, PLS provided a nice dissociation between different processes
of episodic retrieval, which may be consistent with dual-process theories of retrieval (Wagner et
al., 1997).
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8.2.2 Multimodal structure-function-behavior relationships in normal aging
Some of the critical questions that my study was designed to answer in relation to aging were:
how can stable between-person differences in brain structure and function be distinguished from
age-related within-person changes? What are the lifespan trajectories of changes in brain
structure and function and how are they related? Does the relation change over time, among brain
regions, and cognitive domains?
First of all, it is immediately clear that these kinds of age-related questions are not
exclusively addressable by relying solely on a cross-sectional design. Longitudinal lifespan
trajectories of changes in brain structure, function, and behavior differ from cross-sectional
estimates of age-related changes in brain properties in several ways. Longitudinal estimates of
age-related cognitive changes may deviate from cross-sectional estimates of cognitive changes
(Ronnlund et al., 2005; Schaie, 2005), and this is possibly due to selective attrition effects
(Lindenberger et al., 2002), priming/test-retest effects (Salthouse, 2009), and/or cohort effects
(Baltes et al., 1971). Accordingly, age-related changes of brain structure (GM and WM)
estimated by longitudinal designs have been greater than those reported in the cross-sectional
studies (Fjell et al., 2009; Nyberg et al., 2010a; Raz et al., 2005). The more sensitive findings of
age-related changes in brain properties based on longitudinal designs are due to less susceptibility
of the longitudinal data to between-person differences, and therefore it is more sensitive to agerelated changes. As such, longitudinal designs allow for the detection of age-related changes in
regional brain volumes over periods as short as a year (Fjell et al., 2009) or two years for WM
microstructural integrity (Barrick et al., 2010) or BOLD signal changes (O'Brien et al., 2010).
The results of our longitudinal fMRI aging study suggest that contemporary cognitive theories of
BOLD age-related changes that are derived from cross-sectional measurements need to be
reconsidered. Accordingly, in one of the first longitudinal DTI aging studies, Barrick and
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colleagues(2010) showed widespread changes in diffusivity properties over two years, without
any sign of an anterior-posterior gradient and no age-related acceleration in WM integrity
decline. The authors suggested that the trajectory of WM changes derived by cross-sectional
measures need to be revised. With regard to this view, our finding of an anterior-posterior
gradient, which was derived by a cross-sectional design in study IV, needs to be replicated
/substantiated by a longitudinal design. Additionally, our finding that compromised WM integrity
is not a major contributing factor to declining cognitive performance in normal aging needs to be
further investigated by a longitudinal measure using a proper method, such as lead-lag analyses
of longitudinal data (McArdle and Nesselroade, 2003). This is because the mediation analyses
based on cross-sectional data may provide a biased approximation of longitudinal changes
(Maxwell and Cole, 2007). Keeping the benefits of longitudinal designs in mind, it is worth
noting that such a design allows for a distinction between normal and pathological aging (Fjell et
al., 2009; O'Brien et al., 2010). In study II, It was suggested that age-related decline in the
hippocampus might be a consequence of normal aging. However, as this study is based on a
single MR measure (i.e. cross-sectional design), it is difficult to make a definite statement about
the underlying neural mechanism of the normal or pathological changes. For example, those
subjects who demonstrated the steepest age-related decline in the hippocampus may convert to
Alzheimer in the next few years despite the lack of any sign for pathology at baseline. Therefore,
conducting a longitudinal design would yield a sensitive diagnostic tool for discriminating
between normal and pathological aging.
Regarding multimodal imaging, both a significant and non-significant association
between structural and functional/cognitive behavior measures was derived from our multimodal
datasets. The lack of an association between structure and function (partly in study II) as well as
structure and cognition (study IV) was informative in itself. This may suggest that age-related
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differences in brain structure and function / behavior may not be caused by the same biological
mechanism. For example, I found that diminished hippocampal activation was only partly driven
by local GM atrophy in study II (mostly on the left hemisphere). This may suggest that there are
other mechanisms in addition to structural changes, for instance, age-related molecular changes,
which may cause diminished hippocampal activation (Chetelat et al., 2011). Chetelat and
colleagues (2011) showed that temporal β-amyloid deposition drives age-related episodic decline,
independently from hippocampal atrophy, in a subgroup of cognitively normal elderly.
Alternatively, the lack of an association between multiple modalities might be due to measures
that are less sensitive (cortical thickness vs. GM volume) for one modality compared to another
modality (see methodological considerations and limitations).
In the view of a failure in detecting structure-function-behavior relationships, I also found
that WM integrity did not mediated age-related diminished hippocampal activation during an
episodic memory task, or age-related differences in behavioral measures of episodic memory,
visuospatial ability, or fluency. This may suggest that functional patterns in some cognitive
domains may not require direct connection via WM fibers and vice versa (Honey et al., 2009).
Moreover, due to age-related differences in hemodynamic responses and neurovascular coupling,
whose mechanism are not well-understood, it is sometimes difficult to interpret the BOLD signal
changes and their association to WM integrity differences across adulthood.
In contrast to the negative findings of a structure-function relationship (partly in study II
and IV), I found that age-related BOLD changes in the right PFC during a semantic encoding task
were accounted for by age-related local GM atrophy. In view of a failure to find such an
association in my aforementioned studies, two explanations can be given: (1) Both previous
studies (II and IV) in which I failed to find strong age-related structure-function / behavior
associations relied solely on cross-sectional estimates of age-related changes, which may not be
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as sensitive as the longitudinal estimates carried out in study III (see above for more explanation
of the discrepancies between longitudinal and cross-sectional designs). (2) Age-related structural
and functional associations were examined in the hippocampus in study II, whereas multimodal
associations were examined in prefrontal cortex in study III. Both cross-sectional and
longitudinal studies converge toward frontal lobe shrinkage, with GM volume reduction and WM
deterioration (Raz et al., 2005; Sowell et al., 2003), whereas the age-related changes in
hippocampal volume are still a matter of debate, with a tendency toward hippocampal
preservation (Good et al., 2001; Sullivan et al., 2005). Thus, it is more likely that local agerelated structural-functional associations would emerge in PFC than in the hippocampus.
From a methodological point of view, the use of the multivariate fusion ICA approach
was instrumental in our multimodal studies (study II and III). This data-driven fusion ICA
approach allows for the investigation of relationships between all the voxels of both structural
(e.g. GM volume and WM integrity) and functional modalities. This has two main advantages:
(1) It does not require an a priori hypothesis regarding the selection of a region of interest, which
is a common practice in structure-function integration analyses (and which may bias the results).
Thanks to this advantage, I found both local and distal age-related structure-function associations
for the prefrontal cortex and occipital cortex, respectively. Had we not employed such a datadriven approach in study III, it would have been difficult to conclude that distal GM atrophy
could account for age-related BOLD changes in the occipital cortex. Moreover, selecting a
region(s) in one modality that may distally account for age-related changes in another modality
requires an a priori hypothesis that may not be necessarily true (Madden et al., 2007; Persson et
al., 2006). (2) Although the BPM approach of multimodal imaging provided an insight regarding
the association between GM structure-function in the hippocampus in study II, such a univariate
approach could not be used to investigate whether age-related differences in WM integrity could
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account for age-related diminished hippocampal activation, given that a voxel-by-voxel mapping
is not available for such a case. Instead, using fusion ICA, I investigated whether a certain WM
tract or even a small section of a long WM tract could account for diminished hippocampal
activation. Had we not employed this method, it would have been difficult to choose some
specific ROIs from all the potential tracts. Moreover, both the size and the method of defining a
ROI may qualitatively and quantitatively influence the result. Taken together, using a
multivariate approach for multimodal imaging provided a good measure of the variability
between multiple modalities, that is, little information is lost in order to explain the data and
simplify the complexity of potential structure-function relations.
8.3 Methodological considerations and limitations

Even though non-invasive techniques such as fMRI have greatly contributed to our understanding
of different cognitive domains by characterizing their neural underpinnings, there are still some
caveats that should be noted. One main challenge concerning neuroimaging techniques,
particularly fMRI, is related to analytic strategies and specifically in choosing a suitable
statistical approach. Univariate statistical analyses are a prevalent class of neuroimaging analysis
methods that have focused on voxel-by-voxel analysis of fMRI data. Given that univariate
analyses look at one region at a time across tens of thousands of voxels to evaluate the null
hypothesis, there is a need for multiple comparisons correction. However, there have been many
studies in cognitive neuroscience in which the authors inflated the false positive results by
ignoring the need for multiple comparisons correction. Accordingly, the univariate analysis (for
supporting the multivariate PLS analysis) that was reported in study I needs to be interpreted with
cautious.
Multivariate methods such as PLS alleviate some weaknesses in univariate analyses.
However, even such sophisticated methods are not without pitfalls (chapter III). For instance,
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PLS is very sensitive to the number of items that fall into each of the explanatory variables, such
that an extracted LV may be driven by differences in the number of items. Due to the imbalanced
number of items in study I (the number of forgotten items was considerably larger than the
number of items in other conditions), control analyses were carried out to validate the results.
Another methodological caveat with using PLS is that task demands may influence the PLS
patterns. For example, it is difficult to disentangle memory process from task demand in the first
LV of study I. This is because the participant responded by a key press for accessible items,
whereas there was no motor response for available and forgotten items. As LV1 dissociated
available and accessible items, it is difficult to unravel memory process from motor response.
Another pitfall of fMRI is its descriptive nature. That is, fMRI is relatively silent
regarding the underlying neural mechanism despite its ability to detect a network or regions that
underly a particular cognitive task. Thereby, access to additional imaging methodologies or other
fMRI-based parameters (e.g. cerebral blood flow, CBF) is critical. However, multimodal imaging
requires sophisticated approaches to be interrelated and /or integrated. In the context of
multimodal imaging, the association between functional and structural measures can be
interpreted either as a true association or as a false positive. It is worth noting that the lack of
association between two modalities (e.g. structure and function) is informative in itself (study II).
This may suggest that age-related differences in two modalities are not accounted for by the same
biological mechanism. For example, it has been shown that WM integrity reaches its peak
maturation much earlier than WM volume, at least when measured cross-sectionally (Michielse et
al., 2010).This finding suggests that macrostructural and microstructural measures are two
independent indices of WM properties (Canu et al., 2010). Another possible reason for the failure
to find a structure-function association may be attributed to differences in the sensitivity of one of
two methods employed. For example, VBM was used to estimate age-related differences in GM
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volume in study II and the map was associated to the contrast image created from the 1st levelstatistic of fMRI data. In that study, I failed to find that local GM atrophy accounted for the entire
age-related functional decline in hippocampus. However, this might be partly due to a less
sensitive estimate of GM in HC using VBM. Previous studies have shown that other methods
such as voxel-based cortical thickness can provide a more sensitive measure of age-related
decline in GM (Hutton et al., 2009). Using such a method can aid us in further investigating
whether age-related diminished hippocampal activation can be accounted for by age-related
differences in local GM structure. Additionally, in the context of an absence of associations
between two modalities due to a reliance on a single technique, it is also worth noting that the
lack of an association between WM integrity and cognition, as seen in study IV, needs further
investigation. This is because we only relied on a single technique, TBSS, to evaluate FA and
MD and their associations with cognitive measures. Some other methods such as tractography
could possibly be utilized either to substantiate our finding or to disclose some new associations.
A large body of neuroimaging studies of cognitive aging, as well as our study II and study
IV, has been based on a cross-sectional design in which age-related changes have been estimated
from chronological age differences. However, it has been previously shown that cross-sectional
estimates of a longitudinal variable might be biased under a variety of conditions (Lindenberger
et al., 2011b; Mackinnon and Fairchild, 2009; Nyberg et al., 2010a). However, implementations
of longitudinal designs encompass some obstacles. Repeatedly assessing participants would
inevitably increase both the time length and financial costs. Additionally, loss of data in a
longitudinal design may induce attrition effects that may bias the results. Last but not least, the
multiple test exposures that frequently occur in a longitudinal design can have a substantial
impact on both cognition and functional brain activity. For example, functional decline due to the
multiple test exposures (i.e. priming effect) might be misinterpreted as an age effect. Despite
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these obstacles, I urge that extending the existing cross-sectionally unimodal and multimodal
finding, in studies II and IV, to longitudinal datasets would allow for the disentanglement of
individual differences from age-related changes in different imaging modalities.
8.4 Conclusion and avenues for future research

The multimodal MR studies of cognitive aging that were presented in three of our studies
suggested that the simultaneous integration of structural and functional MRI, as well as
behavioral measures may provide valuable insights into the cognitive neuroscience of aging. As
revealed by our multimodal studies, the structure-function-behavior relationships are complex
and specific to brain regions and cognitive domains.
The cross-sectional estimates of age-related changes in brain structure and function as
well as in structure-function associations, may deviate from their longitudinal counterparts. Thus,
I urge that contemporary theories on cognitive aging, for both single and multiple modalities,
need to be extended to longitudinal measure to be further validated/substantiated.
Multivariate methods are instrumental for the analysis of both single and multiple
modalities. These data-driven approaches extract features that are inaccessible using the most
commonly employed analytic strategies such as univariate approaches. Moreover, multivariate
approaches provide a good summary in the sense that little information is lost when explaining
the data.
Future studies of memory and cognitive aging should be designed to go beyond a single
modality as well as a cross-sectional design. For instance, combing multiple modalities, and
ideally longitudinally, will allow more sophisticated and specific questions to be addressed
regarding how structure and function interact to affect cognitive performance in aging. Three
interesting avenues for future research are as follows: (1) The first critical direction for future
research in multimodal imaging of aging is the need for the integration of additional imaging
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measures, such as electromagnetic and hemodynamic measures (Casarotto et al., 2008), PETbased measures of amyloid load (Nordberg, 2004), and WM integrity and resting state functional
connectivity measures (Chen et al., 2009). The latter integration is extremely interesting because
it may highlight the potential association between functional and structural connectivity. (2) In
addition to the need for multiple modalities, one promising future direction for the furtherance of
our understanding of structure-function interaction in aging is to include additional factors such
as modifiers of health in normal aging adults (Raz et al., 2009). This new direction incorporates
the effect of genetics in brain structure, function, and behavior and may exploit conditions that
occur with advancing age, such as hypertension. (3) Regarding methodological approaches to
incorporate the effect of genetic in properties of the brain, one promising future direction is to
relate functional brain networks, extracted from PLS, to genes. GWAS have increasingly been
used to identify many common genetic variations in different individuals to investigate whether a
specific genetic variation is associated with a specific cognitive trait. However, combing imaging
and genetic data from a GWAS has received relatively little attention, and this is possibly due to
the severity of the multiple comparisons problem. That is, the correction for multiple
comparisons is not only required for each voxel, but also each single nucleotide polymorphism
(SNP). Therefore, using a method such as PLS to alleviate the need for multiple comparisons, at
least at one side (e.g. fMRI), can be extremely helpful.
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