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Summary (German) 

Kognitives Altern ist durch eine erhebliche interindividuelle Variabilität gekennzeichnet, die sich in 

Unterschieden der Hirnorganisation sowie gesundheitsbezogenen und psychosozialen Faktoren 

widerspiegelt. Diese Dissertation untersucht systematisch die Zusammenhänge zwischen 

Gehirnmerkmalen, Lebensstil-/psychosozialen Faktoren und Kognition in drei komplementären 

Studien, die Assoziation, Mechanismus und Vorhersage adressieren. 

Die erste Studie untersuchte, wie interindividuelle Variabilität (inter-IV) der strukturellen 

(SC) und funktionellen Konnektivität (FC) mit Lebensstil-/psychosozialen Faktoren und kognitiver 

Leistung bei älteren Erwachsenen zusammenhängt. Die Ergebnisse zeigten, dass eine höhere inter-

IV der Konnektivität mit ungesünderen Lebensstilmustern und geringerer kognitiver Leistung – 

einschließlich episodischem Gedächtnis und exekutiver Kontrolle – assoziiert war, wobei sich 

unterschiedliche Muster über das Altersspektrum hinweg zeigten, was mit der revidierten 

Scaffolding Theory of Aging and Cognition (STAC-r) vereinbar ist. Aufbauend auf diesen Befunden 

prüfte die zweite Studie, ob inter- und intraindividuelle Variabilität (inter- und intra-IV) den 

Zusammenhang zwischen der Segregation von Hirnnetzwerken und exekutiver Kontrolle vermittelt. 

Indirekte Effekte unter Einbezug von inter-IV variierten über Netzwerke hinweg und in 

Abhängigkeit vom Alter, insbesondere in der strukturellen Konnektivität, während intra-IV in der 

funktionellen Konnektivität schwächere und stärker netzwerkspezifische Zusammenhänge aufwies. 

Diese Befunde präzisieren unser Verständnis der Netzwerkreorganisation im Alter und sind 

grundsätzlich mit der Dedifferenzierungshypothese der Alterung vereinbar. Die dritte Studie 

untersuchte, ob Gehirnmerkmale, die kombinierte Lebensstil- und psychosoziale Muster abbilden, 

die Vorhersage kognitiver Leistung verbessern. Modelle, die mehrere solcher Faktoren integrierten, 

übertrafen solche mit einzelnen Faktoren, blieben jedoch hinter einem vollständig datengetriebenen 

auf einer Hauptkomponentenanalyse basierenden Modell zurück. Dies deutet auf einen moderaten 

prädiktiven Mehrwert, der extern validiert werden muss, hin. 

Aus der Perspektive individueller Unterschiede entwickeln diese Studien gemeinsam ein 

kohärentes Rahmenkonzept zur Verknüpfung neuronaler, nicht-neuronaler und kognitiver Faktoren 

und legen ein vorläufiges Modell zur Vorhersage spezifischer kognitiver Funktionen vor, das 

Ansatzpunkte für zukünftige Forschung zur personalisierten kognitiven Gesundheit bietet. 



 

 

 

Summary (English) 

Cognitive aging is characterized by substantial individual variability, reflected in differences in 

brain organization as well as health-related and psychosocial factors. This dissertation 

systematically examines the relationships among brain characteristics, lifestyle/psychosocial factors, 

and cognition through three complementary studies addressing association, mechanism, and 

prediction. 

The first study examined how inter-individual variability (inter-IV) in structural (SC) and 

functional connectivity (FC) relates to lifestyle/psychosocial factors and cognitive performance in 

older adults. Results showed that greater inter-IV of connectivity is associated with less healthy 

lifestyle patterns and poorer cognitive performance, including episodic memory and executive 

control, with distinct patterns across age subgroups, supporting the Scaffolding Theory of Aging 

and Cognition –  revised (STAC-r). Building on these findings, the second study investigated 

whether inter- and intra-individual variability (inter- and intra-IV) mediate the relationship between 

large-scale network segregation and executive control. Indirect effects involving inter-IV were not 

uniform across networks and varied as a function of age within the sample, particularly in structural 

connectivity, whereas intra-IV exhibited weak and network-restricted associations in functional 

connectivity. These findings refine our understanding of age-related network reorganization and are 

broadly consistent with the Dedifferentiation Hypothesis. The third study evaluated whether MRI 

features reflecting composite lifestyle and psychosocial patterns improve the prediction of cognitive 

performance. We found that brain models incorporating multiple such factors outperformed brain 

features based solely on the effects of individual factors but did not surpass a fully data-driven 

model that reduces brain features using principal component analysis. This suggests that integrating 

diverse lifestyle and psychosocial information and multimodal brain features yields modest 

predictive value and requires external validation. 

From the perspective of individual differences, these studies collectively construct a 

coherent framework linking multiple factors, including brain, non-brain, and cognitive factors, 

while preliminarily establishing an integrated model for predicting specific cognitive functions, and 

provide important insights for future personalized cognitive health research. 
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Chapter 1: Introduction 

1.1 General Background 

With the global population aging rapidly, understanding the neural mechanisms underlying brain 

and cognitive aging has become a major scientific and societal challenge. A key challenge in this 

field lies in the pronounced individual differences observed in cognitive and brain aging: older 

adults differ substantially in how their brains change structurally and functionally, and in how these 

changes relate to cognitive performance. Evidence suggests that age-related differences in brain 

structure and function, as well as cognition, do not follow a uniform pattern but instead vary widely 

across individuals, yet the factors contributing to this heterogeneity remain incompletely understood 

(Cox, 2024; Perez et al., 2025).  

Neuroimaging studies across adulthood have demonstrated that cognitive performance is 

associated with age-related differences in gray matter morphology, white matter microstructure (e.g., 

fractional anisotropy and neurite density), and functional connectivity (FC) (Groh & Simons, 2025; 

MacDonald & Pike, 2021; Ranasinghe & Mapa, 2024). In parallel, research adopting a brain 

network and graph theory perspective has shown that aging is accompanied by large-scale 

reorganization of functional brain networks, including increased communication between brain 

networks, and decreased network segregation, reflecting reduced functional specialization within 

networks and greater integration across networks, which are in turn related to cognitive performance 

(Nolin et al., 2025; Stumme et al., 2020). Despite these advances, much of the existing literature 

remains modality-specific, with structural, diffusion, and functional imaging markers often 

examined in isolation, thereby capturing only a subset of brain tissue properties or organizational 

levels (e.g., gray matter morphology and white matter microstructure). As such, unimodal 

approaches can provide only a partial account of individual differences in brain aging rather than 

capturing common or distinct representational patterns across modalities that jointly contribute to 

cognitive outcomes (Jirsaraie et al., 2023). A multimodal brain network perspective, which 

integrates complementary information from different imaging modalities, therefore offers a 

promising framework for characterizing heterogeneity in brain aging and cognitive outcomes. 
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Importantly, individual differences in multimodal brain organization are not only driven by 

demographic or genetic factors but may also be influenced by interactions between complex 

environmental factors and modifiable life-course experiences. Lifestyle factors, such as physical, 

cognitive, and social engagement, have been associated with brain connectivity and structural 

integrity in older adults (Anaturk et al., 2018; Rolls et al., 2023). Although these influences are 

typically smaller than those attributable to age or genetics, lifestyle factors represent modifiable 

influences that may be associated with cumulative or interactive effects on brain aging trajectories. 

As such, they offer a potential explanatory framework for understanding how individuals of similar 

chronological age may exhibit markedly different brain and cognitive outcomes. 

Despite growing evidence linking lifestyle factors to brain structure and function, most 

related research remains confined to specific modalities and is fragmented. Few studies have 

integrated lifestyle with multimodal neuroimaging biomarkers within an integrative framework. 

Consequently, it remains unclear how individual differences in structural and functional 

connectivity jointly relate to lifestyle factors and cognitive performance, and how these individual 

differences are associated with large-scale network reorganization. Moreover, it remains to be 

determined whether integrating lifestyle information and multimodal brain features can improve the 

prediction of cognitive outcomes. 

Addressing these gaps, the present dissertation systematically investigates how lifestyle 

factors and individual differences in multimodal neuroimaging markers relate to cognitive aging. 

To provide a theoretical foundation for these investigations, Chapter 1.2 reviews major theoretical 

models of cognitive aging that inform the study's conceptual framework. 
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1.2 Neurocognitive Theories of Aging and the Role of Lifestyle in the 

Aging Brain 

Aging is accompanied by progressive structural and functional changes in the brain that contribute 

to declines across multiple cognitive domains. Early neurocognitive theories primarily emphasized 

structural deterioration. Among these, the Frontal Aging Hypothesis proposes that the prefrontal 

cortex (PFC) is disproportionately vulnerable to normal aging, leading to greater decline in frontal-

dependent cognitive functions such as executive control (West, 1996). Complementing this regional 

perspective, the “first-in-last-out” (FILO) hypothesis suggests that brain regions that myelinate later 

in development, particularly frontal areas, tend to be more vulnerable to age-related deterioration 

(Wallace et al., 1980). In addition, the white matter disconnection theory posits that degeneration of 

long-range white matter pathways disrupts interregional communication, contributing to cognitive 

decline (Madden et al., 2009; O'Sullivan et al., 2001).  

Structural decline is accompanied by functional reorganization, which has given rise to 

several influential theories of functional aging. The Neural Dedifferentiation hypothesis proposes 

that aging reduces neural selectivity, resulting in broader and less specialized activation patterns 

(Koen et al., 2020; Li et al., 2001). In addition, the Right Hemisphere Aging Hypothesis emphasizes 

the selective vulnerability of right-hemisphere functions, which may underlie age-related declines 

in visuospatial processing and attention (Brown & Jaffe, 1975; Dolcos et al., 2002). More global 

mechanisms have also been proposed. The General Slowing hypothesis attributes widespread 

deficits to age-related reductions in processing speed (Choi & Feng, 2015; Salthouse, 1996), 

whereas the Inhibitory Deficit theory highlights impaired suppression of task-irrelevant information, 

which may contribute to age-related changes in attention and working memory (Hasher & Zacks, 

1988; McDowd, 1997).  

Beyond decline-focused accounts, several models emphasize compensatory mechanisms 

that may help maintain cognitive performance in later life. The atrophy–compensation perspective 

posits that increased functional recruitment in remaining or contralateral regions may partially offset 

age-related neural loss. Within this framework, the Hemispheric Asymmetry Reduction in Older 

Adults (HAROLD) model describes more bilateral prefrontal recruitment in older adults during 

cognitive tasks (Cabeza, 2002). In contrast, the Posterior – Anterior Shift in Aging (PASA) 
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characterizes increased frontal activation coupled with reduced posterior activity as a potential 

adaptive pattern (Craik & Salthouse, 2011; Grady et al., 1994). The Compensation-Related 

Utilization of Neural Circuits Hypothesis (CRUNCH) further proposes that older adults 

progressively recruit additional neural resources as task demands rise. However, compensatory 

capacity may be limited under high cognitive load (Reuter-Lorenz & Cappell, 2008). Importantly, 

not all age-related increases in activation necessarily reflect successful compensation, as similar 

patterns may also arise from neural inefficiency or dedifferentiation. 

Beyond task-specific compensatory models, the Cognitive Reserve (CR) Hypothesis 

highlights that lifetime experiences, such as education, intellectual engagement, and complex 

occupations, buffer the impact of brain aging on cognition without necessarily altering the rate of 

neural decline (Stern, 2002, 2012). Complementing these frameworks, the Scaffolding Theory of 

Aging (STAC) and its revision (STAC‑r) conceptualize cognitive aging as a dynamic balance 

between age-related neural decline and compensatory scaffolding processes, with STAC-r further 

emphasizing that these processes are shaped by experiences accumulated across the lifespan (Goh 

& Park, 2009; Reuter-Lorenz & Park, 2014, 2024). Critically, STAC-r emphasizes that positive life-

course experiences, including education, physical fitness, and social engagement, can strengthen 

neural scaffolding, whereas negative factors such as brain disease, mental illness, and toxin 

exposure may deplete neural resources and undermine compensatory capacity. 

Within the STAC-r framework, modifiable life-course influences may differentially enrich 

or deplete neural resources across the lifespan (Reuter-Lorenz & Park, 2024). For example, stair 

climbing and higher educational attainment have been linked to younger-appearing brain age 

(Steffener et al., 2016), whereas smoking and high alcohol intake are associated with structural brain 

changes indicative of accelerated aging (Bittner et al., 2021; Topiwala et al., 2022). Psychosocial 

factors, such as social support and perceived social support, have also been associated with larger 

gray matter volumes and enhanced connectivity in key brain networks (Schurz et al., 2021; van der 

Velpen et al., 2022). Together, these findings suggest that modifiable lifestyle and psychosocial 

factors may modulate neural scaffolding and compensatory mechanisms, and may help explain 

individual differences in cognitive aging, though further empirical support is still needed. 

To provide a structured overview, Table 1.1 summarizes the core assumptions, empirical 

support, strengths, and key limitations of major neurocognitive aging theories. Importantly, multiple 
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patterns of brain aging—including neural dedifferentiation, brain maintenance, and compensatory 

recruitment—can coexist within the same individual, highlighting the complexity of individual 

differences (McDonough et al., 2022). This complexity underscores the need for studies that 

examine individual variability in brain networks and their relation to cognitive outcomes, 

particularly with respect to modifiable lifestyle and psychosocial factors that are associated with 

such variability.
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Table 1.1 Summary of neurocognitive aging theory. 

Theory Core assumption Key neural evidence Strengths Limitations / Challenges 

Frontal Lobe 

Hypothesis of Aging 

Age-related cognitive decline arises primarily 

from early structural deterioration in the 

prefrontal cortex (PFC) (West, 1996). 

Selective decline in executive functions and 

pronounced age-related changes in prefrontal 

structure, connectivity, and dopamine function 

(Cabeza & Dennis, 2012). 

Simple and intuitive. 

Age-related cognitive and neural 

changes extend beyond the frontal 

lobes, involving posterior regions and 

large-scale brain networks (Greenwood, 

2000). 

First-in-Last-out 

Hypothesis 

Brain regions that develop later (e.g., frontal 

areas) are the first to decline with age (Wallace et 

al., 1980). 

Later-myelinating white matter tracts show earlier 

age-related decline (Bender et al., 2016; Mendez 

Colmenares et al., 2023). 

Matching developmental sequences 

with aging sequences is logically 

straightforward and verifiable. 

White matter aging patterns are 

inconsistent across regions and fiber 

types. 

White Matter 

Disconnection Theories 

Cognitive aging is driven by declines in white 

matter integrity, disrupting interregional 

communication (O'Sullivan et al., 2001). 

DTI studies show age-related decreases in fractional 

anisotropy, which are linked to slower processing 

(Bennett & Madden, 2014; Madden et al., 2009). 

It attributes age-related cognitive 

decline to disrupted white matter 

connectivity, linking brain structure, 

function, and behavior in a unified 

framework. 

Its explanatory power is partial, and 

may not account for functional 

compensation. 

Neural 

Dedifferentiation 

Hypothesis 

Aging is associated with less selective neural 

responses, resulting in broader cortical activation 

patterns (Li et al., 2001). 

fMRI evidence of reduced category selectivity in 

older adults (Koen & Rugg, 2019; Koen et al., 2020). 

Neural dedifferentiation has cross-

level empirical support. 

Neural dedifferentiation does not 

always lead to age-related cognitive 

decline (Koen & Rugg, 2019). 

Right Hemisphere 

Aging Hypothesis 

Right hemisphere functions (e.g., visuospatial 

processing) decline more with age than the left 

(Brown & Jaffe, 1975). 

Behavioral and imaging studies have shown greater 

right-hemisphere vulnerability (Dolcos et al., 2002). 

It provides a simple, behaviorally 

supported framework for 

hemispheric asymmetry in aging. 

Empirical evidence is mixed and less 

consistent than that for alternative 

models such as HAROLD. 

General Slowing 

Hypothesis 

Age-related cognitive decline reflects a general 

slowing of processing speed (Salthouse, 1996). 

Behavioral studies consistently show that slower 

processing speed in older adults mediates age-related 

declines across a wide range of cognitive tasks (Choi 

& Feng, 2015). 

It can explain the age effects 

commonly observed across various 

cognitive tasks. 

It lacks specificity for specific domains 

and cannot account for compensatory 

mechanisms or underlying neural 

changes. 

Inhibitory Deficit 

Theory 

Older adults have reduced ability to suppress 

irrelevant information, leading to cognitive 

decline (Hasher & Zacks, 1988). 

Supporting evidence includes ERP indicators and 

behavioral Stroop scores demonstrating age-related 

decline in inhibition (McDowd, 1997). 

It provides a mechanistic 

explanation for age-related increases 

in distractibility and working 

memory interference, linking 

inhibitory control deficits to 

cognitive decline. 

Neuroimaging evidence for this theory 

is limited and inconsistent, partly 

because observed effects can be 

confounded by task demands, motor 

slowing, or difficulty isolating 

inhibition-related neural activity. 

HAROLD Model 

Older adults show reduced hemispheric 

asymmetry, recruiting both hemispheres to 

support tasks (Cabeza, 2002). 

Bilateral PFC activation during memory tasks in 

older adults (Cabeza, 2002). 

It provides a clear compensatory 

explanation for the maintenance of 

cognitive performance. 

It is PFC-centric, neglects whole-brain 

and network-level aging, and relies on a 

limited set of memory tasks. 
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Posterior–Anterior 

Shift in Aging (PASA) 

Aging brains show increased anterior and 

reduced posterior activity (Craik & Salthouse, 

2011). 

Frontal increases and occipital decreases observed in 

PET and fMRI studies (Ansado et al., 2013). 

It is supported by robust fMRI 

evidence across tasks and 

performance correlations. 

It remains unclear which cognitive 

processes drive this shifting; enhanced 

prefrontal activity may not necessarily 

indicate compensation, but could also 

reflect inefficiency or dedifferentiation. 

CRUNCH Model 

Older adults recruit additional neural resources as 

task demands increase, up to a capacity limit 

(Reuter-Lorenz & Cappell, 2008). 

Older adults recruit additional neural resources at 

low to moderate task demands (Kang et al., 2021). 

CRUNCH uniquely predicts load-

dependent compensation, falsifiably 

tested via parametric designs. 

It has limited empirical support, with 

few studies testing its predictions and 

some reporting effects opposite to 

model expectations (Jamadar, 2020). 

Cognitive Reserve 

Hypothesis 

Lifelong experiences (education, occupation) 

buffer cognitive decline (Stern, 2002). 

Reserve proxies correlate with better outcomes 

despite similar pathology (Stern, 2012; Whalley et al., 

2004). 

Explains individual differences in 

aging trajectories. 

CR is difficult to measure directly, relies 

on indirect proxies, and faces challenges 

in establishing causality, separating it 

from brain reserve, and generalizing 

across populations. 

STAC (Scaffolding 

Theory of Aging and 

Cognition) 

The brain constructs compensatory scaffolds to 

maintain cognitive function in response to 

structural and functional decline (Goh & Park, 

2009). 

It is supported by neuroimaging evidence of increased 

recruitment despite structural decline (Goh & Park, 

2009). 

Provides an integrative framework 

linking structural decline, functional 

changes, and compensatory plasticity 

to cognitive outcomes. 

Conceptually broad and difficult to 

falsify; mechanisms need further 

specification. 

STAC‑r (Revised 

STAC) 

Expands STAC by incorporating life‑course 

factors (e.g., lifestyle, engagement, health) 

affecting both scaffolding and neural maintenance 

(Reuter-Lorenz & Park, 2014). 

Recent neuroimaging and longitudinal lifespan data 

show that life‑course enriching and depleting factors 

(e.g., education, activity levels, health) influence both 

neural structure and compensatory scaffolding across 

adulthood (Reuter-Lorenz & Park, 2024). 

Integrating structural degeneration, 

functional compensation, behavioral 

manifestations, and lifestyle factors 

into a unified framework provides a 

more comprehensive approach than 

the original STAC model. 

Reliance on indirect measures, difficulty 

distinguishing compensation from 

inefficiency, and predominance of cross-

sectional evidence. 
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1.3 Individual Variability of Brain Connectivity and Network 

Reorganization in Aging 

The human brain is organized as a complex network of distributed regions that interact through 

functional and structural connectivity (Rubinov & Sporns, 2010). Functional connectivity (FC), 

reflecting the temporal coordination of neural activity, is measured with techniques such as resting-

state or task-based functional magnetic resonance imaging (fMRI) and Electroencephalogram 

(EEG), while structural connectivity (SC), indicating anatomical pathways, is typically derived 

from diffusion MRI tractography (Babaeeghazvini et al., 2021). Together, they provide 

complementary perspectives on how information is dynamically exchanged and anatomically 

constrained across large-scale brain networks. 

In recent years, there has been a growing interest in individual differences in brain 

connectomes, and an increasing number of studies have begun to examine how such variability 

manifests in older adults and across the aging process (e.g., Huang et al., 2025; Karahan et al., 2022; 

Ma et al., 2021; Sun et al., 2022). Functional connectivity has been shown to vary substantially 

across individuals, and such differences can serve as a neural "fingerprint" for predicting cognitive 

performance rather than noise (Finn et al., 2015; Van Horn et al., 2008). Mueller et al. (2013) 

systematically mapped the spatial distribution of inter-individual variability of FC (hereafter 

abbreviated as inter-IVFC), showing that variability in associative cortices—particularly frontal and 

parietal regions—substantially exceeds that in primary sensorimotor areas. This pattern has been 

interpreted as compatible with the idea that higher-order association networks support more flexible, 

experience-dependent functional organization, although the study itself did not directly examine 

plasticity mechanisms. Subsequent diffusion MRI studies extended this framework to SC, revealing 

that while inter-individual variability of SC (hereafter abbreviated as inter-IVSC) is generally lower 

than inter-IVFC, systematic differences persist across brain networks (Chamberland et al., 2017; 

Huang et al., 2025; Sun et al., 2022). Moreover, evidence suggests that the amount of individual 

differences in both functional and structural connectivity increase with age in older adults (Huang 

et al., 2025; Ma et al., 2021) and are associated with worse cognitive performance (Ma et al., 2021), 

offering novel insights into the topic of brain heterogeneity in aging research. A summary of the 
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literature on individual variability in brain connectivity is presented in Table 1.2. 

In addition to inter-individual differences, brain heterogeneity also encompasses intra-

individual variability, referring to within-person changes in neural signals or network organization 

across time. While short-term fluctuations in blood-oxygen-level-dependent (BOLD) signals have 

been linked to cognitive flexibility and processing speed (e.g., Garrett, Kovacevic, et al., 2013; 

Goodman et al., 2024), cognitive aging unfolds over extended periods, making long-term within-

person dynamics particularly relevant. Although structural connectivity is generally more stable 

than functional connectivity (Nakuci et al., 2023), this difference in temporal stability raises the 

question of whether long-term within-person variability in both modalities contributes meaningfully 

to cognitive aging. Examining long-term intra-individual variability (see Figure 1.1) alongside inter-

individual differences may therefore provide a more comprehensive characterization of 

connectivity-related heterogeneity in cognitive aging. 

Individual differences in brain connectivity may be associated with variability in the extent 

or pattern of age-related reorganization of large-scale networks across individuals. In healthy aging, 

network reorganization refers to systematic changes in network architecture across the adult lifespan, 

both between and within individuals (Bagarinao et al., 2019; Sala-Llonch et al., 2015; Wang et al., 

2022). Graph-theoretical analysis provides a useful tool to quantify the properties of brain 

organization, reducing high-dimensional connectome data into interpretable systems-level measures 

(He & Evans, 2010). Among these measures, network segregation has emerged as an important 

index of age-related reorganization because it captures the balance between functional 

specialization and cross-network integration (see Chan et al., 2014; Wang et al., 2021; see also 

Figure 1.1). Higher segregation indicates greater functional specialization, whereas lower 

segregation—network dedifferentiation—is a prominent feature of aging, particularly in higher-

order networks such as the default mode, frontoparietal, and salience/ventral attention networks, 

and is linked to declines in executive control and processing speed (Chan et al., 2014; Chong et al., 

2019; Ng et al., 2016; Nolin et al., 2025). While age-related changes in functional network 

connectivity have been widely reported, age-related alterations in structural network segregation 

remain less well understood. In youth, higher structural network segregation was observed in older 

compared to younger individuals, consistent with cognitive development (Baum et al., 2017). Cross-

sectional evidence suggests that, from adulthood to old age, structural modularity varies nonlinearly, 
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with lower values in mid-to-late adulthood and higher values in late old age (Puxeddu et al., 2020). 

Evidence on this pattern remains inconsistent (Khalilian et al., 2024; Rodriguez-Nieto et al., 2025). 

As discussed above, age-related reorganization of brain connectivity networks is closely 

associated with cognitive outcomes, with cognitive aging showing pronounced domain-specific 

heterogeneity (Deary et al., 2009; Hedden & Gabrieli, 2004; Salthouse, 2004). Among cognitive 

domains, executive control functions are especially sensitive to aging-related neural changes and 

have been frequently reported to decline with age (Harada et al., 2013; Lacreuse et al., 2020). 

Executive control is a higher-order construct comprising partially dissociable components, 

including inhibitory control, working memory updating, and set shifting (Friedman & Miyake, 

2017). These executive processes rely on coordinated activity across distributed brain networks, 

including the frontoparietal and salience systems, and are essential for successful daily functioning 

(Buckner, 2004; Xia et al., 2022). Importantly, age-related cognitive decline is characterized not 

only by domain specificity but also by substantial inter-individual variability. While some older 

adults maintain relatively preserved cognitive performance, others exhibit marked decline (Harada 

et al., 2013). We proposed that such cognitive heterogeneity may reflect individual differences in 

the reorganization of brain networks during aging. In this context, lifestyle and psychosocial factors, 

as discussed in Section 1.2, may contribute to brain variability, and empirical evidence is needed to 

address this gap. 

Together, these considerations motivate the first two broad lines of investigation in the 

present study, focusing on inter-individual differences in brain connectivity in relation to cognition 

and lifestyle, as well as on how such differences link brain network reorganization to executive 

control. To address these questions at the systems level, resting-state fMRI is particularly well suited, 

as it captures intrinsic whole-brain coupling independent of task performance (Shen, 2015) and 

provides a representation of trait-like network organization in aging populations. In parallel, 

diffusion MRI tractography reconstructs probabilistic interregional pathways in vivo (Zhang et al., 

2022), allowing the characterization of structural network architecture within the same connectome 

framework as functional connectivity. 
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Figure 1.1 Conceptual framework of brain network, aging-related reorganization, and 

individual variability of brain connectivity. (A) Brain networks consist of nodes (brain regions) 

and edges (connections) representing functional or structural connectivity between regions. These 

connections can be classified as within-network or between-network. (B) Conceptual illustration of 

network segregation, reflecting the balance between within- and between-network connectivity and 

its age-related decrease (network dedifferentiation). (C) Illustrates a measurement framework for 

individual differences in connectivity.
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Table 1.2 Literature review on research into inter-individual variability of brain connectivity. 

Reference Subjects 
Age (range/mean 

years) 
Sample size 

Imaging 

modality 
Definition of individual variability Main findings 

Mueller et al. 
(2013) 

Healthy adults 
aged 51.8 ± 6.99 

years 
N = 23 rs-fMRI 

Inter-IVFC was defined as the residual dissimilarity (1 − 
inter-subject correlation) of seed-based functional 
connectivity maps across subjects after regressing out 
intra-subject variance, reflecting subject-specific 
functional differences beyond measurement noise and 
within-subject fluctuations. 

The inter-IVFC is highest in heteromodal association 
cortex, which is linked to evolutionary cortical 
expansion, long-range connectivity, and individual 
differences in cognition. 

Gao et al. (2014) Infants Birth to 2 years N = 288 rs-fMRI 
Similar to Mueller et al. (2013), without considering 
intra-individual variability. 

Inter-IVFC was higher in association cortices than in 
primary regions at birth, followed a U-shaped 
developmental trajectory during infancy, and showed 
dynamic, age-dependent genetic influences. 

Chamberland et 
al. (2017) 

Healthy young 
adults 

21-30 years N = 9 
rs-fMRI 
dMRI 

Similar to Mueller et al. (2013). 
FC exhibited substantially greater inter-IV than SC, 
and the two were largely independent across brain 
regions. 

Li et al. (2017) 
Cognitively 
normal older 
adults 

60-80 years N = 108 rs-fMRI 
Similar to Mueller et al. (2013), without considering 
intra-individual variability. 

Inter-IVFC increased from primary sensory networks 
to association, subcortical, and cerebellar regions, and 
regions with greater variability showed stronger 
associations with cognitive performance.  

T. Xu et al. 
(2019) 

Young adults; 
Rhesus macaque 
monkeys 

Human: aged 
29.03 ± 3.45 
years; Monkey 
aged varied by 
cohort 

Human: n = 177; 
Macaque: n = 2-
19 

rs-fMRI Similar to Mueller et al. (2013). 

Inter-IVFC was lower in primary sensory and motor 
cortices than in association regions in awake 
macaques and was associated with long-distance 
connectivity and cortical microstructural properties. 

Y. Xu et al. 
(2019) 

Normal preterm 
and term infants 

31.3–41.7 weeks N = 40 rs-fMRI 
Similar to Mueller et al. (2013), without considering 
intra-individual variability. 

Inter-IVFC emerged prenatally and resembled adult 
patterns, alongside age-dependent decreases in 
sensorimotor and visual networks and stronger 
distance-dependent connectivity constraints. 

Stoecklein et al. 
(2020) 

Healthy adults; 
Preterm-born 
infants 

Healthy adults: 
aged 27.0 ± 3 0.8 
years; Infants: 
36.3 weeks ± 16.1 
days; 37.1 weeks 
± 10.2 days 

Healthy adults: n 
= 25;  
Infants from two 
sites: n =25 & 25 

rs-fMRI Similar to Muller et al. (2013). 

Inter-IVFC was evident around term birth, with lower 
variability in unimodal regions and higher variability 
in association cortices; some regions showed adult-
like shifts with cortical expansion and maturation. 

Ma et al. (2021) Healthy adults 18-88 years N = 543 rs-fMRI 
Similar to Mueller et al. (2013), without considering 
intra-individual variability. 

Inter-IVFC was higher in association than primary 
sensory cortices across adulthood, increased with age, 
negatively related to FC strength/number, and 
positively related to behavioral variability. 

J. Li et al. 
(2021) 

Young adults 
Aged 23.67 ± 1.65 
years 

N = 45 rs-fMRI Similar to Mueller et al. (2013). 

White-matter FC exhibited spatially heterogeneous 
inter-IV, with greater variability in heteromodal 
regions linked to neuronal gene-expression profiles 
and lower variability in unimodal regions associated 
with glial gene-expression profiles. 
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L. Li et al. 
(2021) 

Young adults 22-37 years N = 339 rs-fMRI 
Similar to Mueller et al. (2013) but considering intra-
individual variability through linear subtraction. 

Inter-IVFC was highest in multimodal association 
cortices and lowest in unimodal and subcortical 
regions, and its spatial distribution was linked to 
human-accelerated genes and cerebral blood flow. 

Sun et al. (2021) 
Schizophrenia 
(SCZ); Healthy 
control (HC) 

SCZ = 24.74 ± 
9.03 years; HC = 
26.62 ± 8.0 years 

SCZ: n = 121 
HC: n = 183 

rs-fMRI 
Similar to the study by Mueller et al. (2013). Removed 
intra-individual variability in validation analyses. 

Schizophrenia patients showed elevated inter-IVFC 
across sensorimotor, visual, auditory, and subcortical 
regions compared with healthy controls, and this 
altered variability was related to clinical 
heterogeneity. 

Zhu and Qiu 
(2022) 

Youth and young 
adults 

8-23 years N = 755 rs-fMRI 

Inter-IV of FC quantifies the deviation of an individual’s 
functional connectivity profile from a group-averaged 
reference by computing one minus the Pearson 
correlations between corresponding regional connectivity 
vectors. 

Inter-IVFC was highest in association and cerebellar 
networks during youth, decreased with age, and 
showed age-dependent relationships with cognition 
and psychopathology. 

Sun et al. (2022) Healthy adults 22-37 years 
N = 42; validation 
dataset: n = 1012 

rs-fMRI 
dMRI 

Similar to Mueller et al. (2013). 

Inter-IVFC can be significantly predicted from a 
unified pattern of IVSC, with prediction accuracy 
decreasing from primary to heteromodal cortical 
regions. 

Karahan et al. 
(2022) 

Young adults 18–35 years 
Cohort 1: n = 51 
Cohort 2: n = 35 
Cam-CAN: n = 50 

MEG 
dMRI 

Inter-IV was defined as the average pairwise dissimilarity 
of regional connectivity profiles across subjects, 
quantified using cosine distance and further corrected for 
within-subject intersession variability. 

Inter-IV of connectivity is higher in association than 
sensorimotor cortex, shows modality- and frequency-
dependent patterns across structural and MEG 
connectivity, and is closely related to cortical myelin 
and white-matter microstructure. 

Huang et al. 
(2025) 

Healthy adults 22-68 years 
N = 1,724 (from 
five cohorts) 

dMRI 
Similar to Mueller et al. (2013), with an intrasubject 
difference estimated in a retest dataset 

The highest inter-IVSC was observed in limbic regions 
and in unimodal sensorimotor regions, with minimal 
variability; it increased with age across most regions 
and was associated with cortical laminar 
differentiation and myelination. 

Yang et al. 
(2025) 

Adolescents and 
young adults 

8-37 years 

N = 761 (from two 
datasets); 
replication 
dataset: n = 218 

rs-fMRI 

Inter-IV of FC was quantified at the edge level by 
decomposing between-subject and within-subject 
variance using linear mixed-effects models, with adjusted 
interindividual variability estimated via intraclass 
correlation. 

Inter-IVFC edges were organized along a within-to-
between-network axis, aligned with SC variability, 
flattened across youth development, and positively 
associated with higher-order cognition. 

Note: Literature search was conducted using PubMed, Web of Science, and Scopus with keyword combinations (e.g., “inter-individual variability”, “functional connectivity”, “structural 

connectivity”). The search covered studies published in each database from its inception through January 1, 2026. Studies authored by the present author were not included in the literature 

search results to avoid potential self-citation bias. Although terminology for inter-individual variability in structural or functional connectivity varies across the literature, for brevity, it is 

uniformly abbreviated as inter-IVSC/FC. Here, intra-individual variability refers to within-subject fluctuations over short time intervals (e.g., repeated scans conducted a few days apart, scans 

conducted within a single day, or split-half sessions within a single session).  
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1.4 Machine Learning for Predicting Cognitive Function 

Given the pronounced heterogeneity of cognitive aging across individuals and cognitive domains 

(Harada et al., 2013; Mungas et al., 2010), no single neuroimaging modality can fully capture the 

variability underlying cognitive function. Multimodal neuroimaging approaches — integrating 

structural, diffusion, and functional MRI—provide a more comprehensive characterization of brain 

organization and its relationship to cognition (Ma et al., 2025; Pagnotta et al., 2024). However, the 

high dimensionality and complexity of these data have made it difficult to delineate consistent 

brain–behavior associations using traditional univariate analytic approaches. 

Machine learning (ML) methods offer a powerful alternative by identifying multivariate 

patterns of brain connectivity that jointly explain inter-individual differences in cognitive 

performance (Kramer et al., 2024; Rasero et al., 2021; Schulz et al., 2024). Rather than focusing on 

isolated regions or single connections, ML models learn distributed representations of cognitive 

function across multiple spatial scales and imaging modalities. This framework has enabled the 

prediction of diverse cognitive traits—including intelligence, memory capacity, and executive 

control—and has demonstrated potential to identify neuroimaging-based markers of cognitive aging 

and neurodegeneration. Notably, in the ML context, prediction broadly refers to the out-of-sample 

estimation of target phenotypes, such as cognitive performance or clinical status, from 

neuroimaging features, encompassing both cross-sectional and longitudinal applications. 

Despite these advances, predictive performance remains modest. In healthy populations, 

the proportion of explained variance (R²) in cognitive outcomes rarely exceeds 10–15% (Hilger et 

al., 2020; Jockwitz et al., 2024; Kramer et al., 2024; Rasero et al., 2021; Schulz et al., 2024). For 

example, Rasero et al. (2021) reported less than 10% explained variance for overall cognition in a 

large young adult cohort (HCP; N ≈ 1,000, aged 22–37 years), whereas Jockwitz et al. (2024) 

achieved up to 12% when predicting nonverbal ability from gray-matter volume in older adults. 

Large-scale simulations further suggest that, even with substantial increases in sample size, 

prediction performance tends to plateau at relatively low levels, indicating that limited statistical 

power alone cannot account for these constraints (Schulz et al., 2024). 

These modest results likely reflect systematic sources of inter-individual variability that are 

not fully captured by neuroimaging features alone. Cognitive aging is shaped by both neural and 
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non-neural influences, including genetic background, health status, and lifestyle-related factors 

(Smith et al., 2020). From a predictive standpoint, lifestyle and psychosocial factors are particularly 

relevant because they are associated with systematic heterogeneity: individuals with different 

behavioral and psychosocial profiles may rely on partially distinct neural resources to support 

comparable levels of cognitive performance, consistent with STAC-r models of aging. 

Although prior research has examined univariate associations between individual 

lifestyle/psychosocial factors and brain aging (e.g., Erickson et al., 2011; Funk-White et al., 2023; 

Steffener et al., 2016; Topiwala et al., 2022), these variables are often interdependent, and their 

combined effects may differ from the sum of individual contributions. To address this, some studies 

have constructed composite lifestyle measures, including risk scores derived from linearly 

transformed variables (Bittner et al., 2021; Bittner et al., 2019) or indices based on the frequency of 

health-related behaviors (Franz et al., 2021; Rolls et al., 2023). However, such approaches typically 

assume equal and independent contributions of lifestyle components, potentially overlooking 

meaningful interactions. In contrast, data-driven clustering methods can identify naturally occurring 

multidimensional lifestyle patterns—such as individuals who smoke but remain physically and 

socially active—that may exert opposing or compensatory effects on brain reserve, offering a more 

ecologically valid representation of real-world lifestyle configurations (Rodrigues et al., 2024). 

Importantly, predictive models that emphasize biologically and behaviorally meaningful individual 

differences may not only support predictions of baseline cognitive levels but also aid in anticipating 

subsequent cognitive outcomes—though this remains to be confirmed. 

In summary, integrating multimodal brain parameters with composite lifestyle-related 

information within ML frameworks represents a potentially valuable approach for improving 

cognitive prediction. Such methods may modestly enhance predictive performance and offer 

preliminary insights into the neural and behavioral factors that may support cognitive resilience in 

aging, motivating the third line of investigation in the present study. 
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1.5 Aims of the Thesis 

In short, although previous studies have documented widespread alterations in brain structure and 

function during aging, the contribution of individual variability of brain connectivity (hereafter, IV 

of connectivity) to the heterogeneity of cognitive aging remains unclear. Building on this research 

gap, the present dissertation examines how IV of connectivity relates to lifestyle and psychosocial 

factors, brain reorganization, and cognitive performance. Moreover, it further investigates whether 

integrating multimodal brain indicators with these lifestyle and psychosocial factors can enhance 

the prediction of cognitive outcomes. Through this work, we aim to provide theoretical insights into 

the neural underpinnings of cognitive aging. In addition, we seek to provide empirical evidence for 

how lifestyle and psychosocial factors, together with multimodal brain features, can inform 

individualized predictions of cognitive function. 

Study 1: Multivariate Associations between Inter-Individual Variability in Brain Connectivity, 

Lifestyle/Psychosocial Factors, and Cognitive Function 

This study examines multivariate associations between inter-individual variability of structural and 

functional connectivity, lifestyle and psychosocial factors (e.g., physical activity, smoking, social 

integration), and cognitive performance using Partial Least Squares Correlation (PLSC) at both the 

network and regional levels. Age-stratified analyses further assess whether these associations differ 

across age groups among healthy older adults. By adopting an individual-differences perspective, 

this study provides empirical support for cognitive aging frameworks, such as the STAC-r model, 

and delineates candidate lifestyle–brain pathways that warrant testing in intervention frameworks 

aimed at promoting brain and cognitive health in later life. 

Study 2: Individual Variability of Brain Connectivity as a Mediator between Network 

Segregation and Executive Control 

Building on findings from Study 1, this study investigates whether inter-individual variability of 

structural and functional connectivity constitutes a potential pathway linking age-related network 

dedifferentiation to decline in executive control. Specifically, we test whether IV of connectivity 

mediates the association between network segregation and executive control, with a primary focus 

on its set-shifting component, operationalized as performance on the Trail Making Test Part B minus 

Part A (TMT B–A), and whether these mediating pathways are moderated by age. To address these 
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aims, mediation and age-moderated mediation models are applied across large-scale brain networks. 

The IV of connectivity was assessed both as dissimilarity from group-level patterns across 

individuals (inter-IV) and as within-person dissimilarity across longitudinal connectivity profiles 

over approximately four years (intra-IV). By jointly modeling inter- and intra-individual variability, 

this study evaluates whether IV of connectivity explains individual differences in the relationship 

between network segregation and executive control, thereby informing mechanistic accounts of 

brain network dedifferentiation in cognitive aging. 

Study 3: Lifestyle-Informed Multimodal Brain Features for Predicting Cognitive Function 

This study shifts the analytical focus toward prediction, adopting an exploratory framework to 

examine whether brain features that vary systematically across composite lifestyle and psychosocial 

patterns contain predictive information for cognitive performance. Clustering procedures are first 

applied to combined lifestyle and psychosocial measures to identify subgroups of individuals 

characterized by distinct composite lifestyle and psychosocial patterns. Brain features that 

differentiate these subgroups are subsequently used as inputs for predictive models of baseline and 

follow-up cognitive outcomes. Critically, models based on brain features associated with these 

composite lifestyle and psychosocial patterns are compared against models based on a single 

lifestyle/psychosocial factor as well as fully data-driven neuroimaging features. The primary goal 

is to evaluate the predictive value of this multivariate, behaviorally informed neural profile. This 

provides an initial assessment of its applicability for modeling individual differences in cognitive 

aging. 

In summary, this dissertation adopts the lens of individual variability to systematically 

interrogate the brain–lifestyle–cognition triad. It progresses through three complementary analytical 

perspectives: multivariate association between inter-IV of connectivity, lifestyle, and psychosocial 

factors, and cognition (Study 1); mechanistic insights into how network segregation relates to 

executive control via IV of connectivity (Study 2); and integrative prediction of cognitive 

performance using behaviorally informed multimodal brain features (Study 3). Together, these 

studies provide a coherent framework for understanding heterogeneity in cognitive aging, 

advancing from explanatory insights to predictive evaluation, and offering methodological 

implications for future research on personalized cognitive health.
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Chapter 2: Data and Methods 

2.1 Overall Cohort 

 

Figure 2.1 Overview of the cohort and data used. (A) 1000BRAINS cohort overview, including 

participant characteristics, collected data, and exclusion criteria. Panels B–D summarize the MRI, 

neuropsychological, and health-related behavioral/psychosocial data included in the current 

dissertation. 

Participants were drawn from the population-based 1000BRAINS project, a large-scale 

neuroimaging study in Germany embedded in the Heinz Nixdorf Recall Study (HNR) and its 

offspring cohort. A total of 1,314 adults (582 women; aged 18–87 years at baseline) completed MRI 

and neuropsychological assessments at baseline, of whom 468 (204 women) were re-examined 

approximately four years later. Eligibility followed standard MRI safety criteria; detailed 

inclusion/exclusion procedures have been reported previously (Caspers et al., 2014; see also Figure 

2.1). Health-related behavioral measures were collected across three examination waves 

(Schmermund et al., 2002) preceding the first MRI session. 
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2.2 Lifestyle/Psychosocial and Neuropsychological Assessments  

Lifestyle/psychosocial measures 

The lifestyle/psychosocial data used in this analysis were drawn from the third wave of the 10-year 

follow-up of the Heinz Nixdorf Recall Study (HNR), completed within 1 year prior to MRI scanning 

and cognitive assessments (Caspers et al., 2014; Schmermund et al., 2002). Eight 

lifestyle/psychosocial variables, including smoking and alcohol consumption, were included based 

on prior work and extended to capture more fine-grained aspects of daily behavior (see Table 2.1 

and also Bittner et al., 2021; Bittner et al., 2019). Missing values were replaced using the participant-

specific mean scores from the first and second examinations (Jahangiri et al., 2023). 

Together, these indicators allow for a more comprehensive assessment of lifestyle and 

psychosocial behaviors. Other lifestyle factors, such as sleep and diet, were excluded because they 

involve distinct physiological regulatory processes beyond the behavioral scope of this study. 

Table 2.1 Description of lifestyle/psychosocial factors. 

Domains Variables Operational definitions Time frame Unit / Scale 

Lifestyle 

behavior 

Pack-years of smoking 

(SMO) (Bittner et al., 

2021; Duriez et al., 2014) 

Years of smoking × cigarettes per day. Lifetime years 

Lifestyle 

behavior 

Alcohol consumption 

(ALC) (Bittner et al., 

2021) 

The total amount of pure alcohol is weighted 

by beverage type and frequency. 
Past 4 weeks g/month 

Lifestyle 

behavior 

Physical activity (PA) 

(Ainsworth et al., 2000) 

Sum of metabolic equivalents of task 

(METs) derived from the reported duration 

of sports and daily physical activities. 

Past month / 

Psychosocial 

Social integration index 

(SI) (Berkman et al., 

2004; Bittner et al., 2019) 

A composite score of marital status, close 

ties, and organizational membership. 
Current / 

Lifestyle 

behavior 

Flights of stairs climbed 

(Ghosal & 

Chandrasekaran, 2024; 

Steffener et al., 2016) 

The self-reported number of stair flights 

climbed per day serves as a simple proxy for 

cardiovascular fitness and potentially for 

brain health. 

Daily Flights/day 

Lifestyle 

behavior 
Count of sports activities 

The number of distinct sports practiced 

reflects the diversity of intentional exercise 

behaviors. 

Past month Count 

Lifestyle 

behavior 

Count of physical 

activities 

The number of non-sport physical activities 

provides insight into everyday movement 

beyond formal exercise. 

Past month Count 

Psychosocial Count of visits 

Total visits from children, relatives, and 

friends. It indexes the frequency of social 

interactions and informal support. 

Past month Count 
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Neuropsychological tests 

In the 1000BRAINS project, participants' cognitive abilities were profiled using a comprehensive 

neuropsychological battery. The objective of the present study was to examine brain-cognition 

associations specific to individual domains. To this end, we selected 13 cognitive tasks intended to 

predominantly reflect specific cognitive constructs, with minimal overlap between domains. The 

assessed domains included measures of global cognitive status (via the dementia detection test, 

DemTect), episodic and long-term memory, working memory (WM), and executive control (see 

Table 2.2). Where executive control was indexed via the Trail Making Test, the specific metric used 

(B–A difference vs. B/A ratio) is specified per study (Chapters 3–5).
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Table 2.2 Description of neuropsychological measurements. 

Variables Test (References) Cognitive domain Description 

Cognitive status DemTect (Kalbe et al., 2004) Global cognition 
The sum of the scores from a digit span memory test, a number conversion task, and a verbal fluency task (sum 

score). 

Language 

comprehension 

Wortschatztest (Word-Hoard-test) 

(Schmidt & Metzler, 1992) 

General language 

comprehension, vocabulary 
Total number of target words correctly identified among interfering words (sum score). 

Nomination 
Boston Naming Test (from CERAD; short 

form) (Morris et al., 1989) 
Nomination 

The number of correct answers on an object-naming task (using frequent, medium-frequent, and rare items) (sum 

score). 

Figural memory Benton-Test (Benton et al., 2009) 
Visual memory,  

figural memory 
Total number of correctly freely recalled figures from 20 previously presented figures (sum score). 

Verbal WM 

Zahlennachsprechen (from Nürnberger 

Alters-Inventar) (Oswald & Fleischmann, 

1997) 

Verbal working memory Total number of correctly recalled digits given in a backward sequence (sum score).  

Phonemic fluency 

Regensburger Wortflüssigkeitstest 

(Aschenbrenner et al., 2000) 

Phonemic verbal fluency Total number of produced words beginning with a given letter B in 2 minutes (sum score).  

Phonemic switch Phonemic verbal switch Total number of produced words beginning with a given letter G–R in 2 minutes (sum score). 

Semantic fluency Semantic verbal fluency Total number of produced words in the category “Berufe (job)” in 2 minutes (sum score). 

Semantic switch Semantic switch Total number of produced words in the category “sports–fruits” in 2 minutes (sum score). 

Visuospatial WM 
Corsi block tapping task (CBT) (Schelling, 

1997) 

Visuospatial working 

memory  

The number of correct answers on a backward block sequence recall task (with gradually increasing sequence length) 

(sum score). 

Episodic memory 
Bielefelder Kategorielle Wortlisten 

(BKW) (Lux et al., 2012) 

Verbal learning (episodic 

encoding) 
The average of the relative proportions of reproduced free recalls across five runs. 

Long-term 

memory 
Delayed verbal memory Total number of correctly freely recalled words from a list of 15 words in delayed run across 5 trials (sum score). 

Executive control a 
Trail making test (TMT) A and B (taken 

from CERAD-Plus) (Morris et al., 1989) 

Set shifting / cognitive 

flexibility 
Time difference between the completion time (seconds) of TMT Part B and TMT Part A (i.e., TMT B–A). 

Executive control b 
Set-shifting/ executive 

efficiency 

Calculated by dividing the completion time (seconds) of TMT Part B by the completion time of TMT Part A (i.e., 

TMT B/A). 

Note: a Variable used in studies 1 and 2. b Variable used in study 3. Further descriptions are provided in Caspers et al. (2014). 
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2.3 MRI Acquisition 

All MRI data were collected on a 3T Siemens Tim-TRIO scanner equipped with a 32-channel head 

coil (Erlangen, Germany). Scans were acquired on the same day as the neuropsychological 

assessments. Detailed acquisition parameters are provided in Table 2.3 and have been described 

previously (Caspers et al., 2014). 

During the resting-state scan, participants were instructed to remain still with eyes closed 

and stay awake. An experienced radiologist visually inspected all MRI datasets to identify 

pathological or incidental findings. 

 

Table 2.3 MRI acquisition parameters. 

Parameter T1-weighted 

Diffusion-weighted imaging (DWI) 

rs-fMRI Low b value  

(60 directions) 

High b value  

(120 directions) 

Sequence 

3D magnetization-

prepared rapid 

gradient-echo 

(MPRAGE) 

Echo-planar imaging 

(EPI) 

High-angular-

resolution diffusion 

imaging (HARDI) 

BOLD gradient-EPI 

TR (ms) 2,250 6,300 8,000 2,200 

TE (ms) 3.03 81 112 30 

TI (ms) 900 – – – 

Flip angle (°) 9 – – 90 

FoV (mm²) 256 × 256 – – 200 × 200 

Voxel size (mm³) 1 × 1 × 1 2.4 × 2.4 × 2.4 2.4 × 2.4 × 2.4 3.1 × 3.1 × 3.1 

Slices 176 – – 36 

Directions – 60 120 – 

b value (s/mm²) – 1,000 2,700 – 

b0 images 

(interleaved) 
– 7 13 – 

Duration – – – ~11 min 
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2.4 MRI Preprocessing 

2.4.1 Structural MRI 

To assess fine-grained cortical morphology, individual cortical surfaces were parcellated into 400 

regions using the functionally defined Schaefer atlas (Schaefer et al., 2018). Parcels from the left 

and right hemispheres were treated as separate features, yielding a total of 400 cortical regions for 

subsequent analyses. Structural MRI data were processed using FreeSurfer (v7.1.0) with a 

customized recon-all pipeline, following procedures described in Kramer et al. (2024). Analyses 

included participants with T1-weighted images suitable for cortical surface reconstruction (see 

Chapter 5.1). For each parcel, cortical thickness (CT), surface area (SA), and gray matter volume 

(GMV) were extracted using standard FreeSurfer procedures. These measures capture 

complementary aspects of cortical morphology (Fjell & Walhovd, 2010; Panizzon et al., 2009).  

2.4.2 Diffusion MRI 

Diffusion MRI (dMRI) data were prepared for quantitative modeling following standard 

preprocessing procedures (Stumme et al., 2022). Tissue segmentation of the T1-weighted images 

was performed using the CAT12 toolbox (Gaser et al., 2024), which generated tissue probability 

maps (TPMs) of gray matter (GM), white matter, and cerebrospinal fluid (CSF) to assist later 

registration and to minimize partial volume bias. Preprocessing of the dMRI data included 

correction for eddy-current distortions and participant motion. Susceptibility-related geometric 

deformation was compensated by computing anisotropic power maps (APMs; Dell’Acqua et al., 

2014) from the high b-value (b = 2700 s/mm²) data and aligning them nonlinearly to the structural 

images via Advanced Normalization Tools (ANTs; https://github.com/ANTsX/ANTs). This 

procedure corrected geometric distortions caused by magnetic field inhomogeneities, particularly 

near air–tissue interfaces. For accurate spatial correspondence, representative b0 volumes from both 

diffusion shells (b1000 and b2700) were aligned to the T1-weighted image using rigid-body 

registration. These preprocessed datasets were then combined and harmonized to account for echo-

time variations, preparing the data for subsequent neurite orientation dispersion and density imaging 

(NODDI) modeling and tractography. 

Tensor fitting for diffusion tensor imaging (DTI) was carried out on the preprocessed b1000 

shell using dtifit in FSL v6.0 (https://fsl.fmrib.ox.ac.uk/fsl) to obtain fractional anisotropy (FA), 
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mean diffusivity (MD = (λ₁ + λ₂ + λ₃)/3), radial diffusivity (RD = (λ₂ + λ₃)/2), and axial diffusivity 

(AD = λ₁) maps. Microstructural modeling was further refined using the NODDI framework 

implemented in the Microstructure Diffusion Toolbox (MDT; https://mdt-toolbox.readthedocs.io), 

producing estimates of intracellular volume fraction (ICVF) and orientation dispersion index (ODI) 

(Deligianni et al., 2016). 

To reconstruct white matter architecture, we applied a multi-tissue constrained spherical 

deconvolution (CSD) approach (Jeurissen et al., 2014; Tournier et al., 2012) in MRtrix v0.3.15 

(https://www.mrtrix.org), which separates tissue compartments and resolves complex fiber 

configurations. TPMs were used to construct a five-tissue-type (5TT) segmentation, enabling 

anatomically constrained tractography (ACT; Smith et al., 2012). Whole-brain probabilistic 

tractography was then generated using the iFOD2 algorithm with ACT, initiating streamlines 

dynamically from the gray–white matter interface. Each participant’s connectome comprised ten 

million streamlines, with a maximum length threshold of 250 mm and a minimum cutoff of 0.06 to 

suppress anatomically implausible tracks. Streamline weights were subsequently estimated using 

the SIFT2 algorithm for subsequent connectome quantification. 

2.4.3 Resting-State Functional MRI 

Resting-state fMRI data were preprocessed using an established pipeline (Stumme et al., 2022). The 

initial four volumes of each run were removed to allow for magnetic field stabilization. To mitigate 

the effects of head motion, we first applied a two-pass affine registration procedure, aligning all 

volumes first to the initial volume and then to the mean image. To register fMRI data to the Montreal 

Neurological Institute (MNI) 152 standard space, we carried out a unified segmentation method in 

SPM12 (Ashburner & Friston, 2005). This approach was selected for its documented advantage in 

registration precision over traditional methods that depend exclusively on T1-weighted images (e.g., 

Dohmatob et al., 2018). For additional noise reduction, we employed ICA-based Automatic 

Removal Of Motion Artifacts (ICA-AROMA) (Pruim et al., 2015), which automatically detects and 

removes independent components that are correlated with motion. Consistent with contemporary 

guidelines for mitigating motion confounds in functional connectivity (Ciric et al., 2017; Parkes et 

al., 2018), global signal regression was also performed. Finally, a temporal band-pass filter (0.01–

0.1 Hz) was applied to isolate low-frequency BOLD fluctuations. 
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2.5 Ethics Approval  

The 1000BRAINS study received ethical approval from the Ethics Committee of the University of 

Duisburg-Essen (approval numbers 11-4678 and 12-5199-BO). All study procedures were 

conducted in accordance with the Declaration of Helsinki. All participants voluntarily agreed to take 

part after being fully informed about the study, and this agreement was documented in writing before 

the study began. 
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Chapter 3: Multivariate Associations between Inter-

Individual Variability of Brain Connectivity, 

Lifestyle/Psychosocial Factors, and Cognitive 

Function 

Study 1 aimed to examine the relationships among inter-individual variability (inter-IV) of brain 

connectivity, lifestyle/psychosocial factors, and multiple cognitive domains in healthy older adults. 

Specifically, it addressed two research questions: (1) Are inter-IV of functional and structural 

connectivity associated with lifestyle/psychosocial factors as well as cognitive performance in 

healthy older adults? (2) Do these associations differ across age subgroups in late adulthood? Based 

on prior theoretical and empirical evidence, we hypothesized that higher inter-individual variability 

(IV) of connectivity would be associated with less healthy lifestyle profiles and poorer cognitive 

performance. We also expected these associations to vary across age groups, reflecting increasing 

heterogeneity in brain–behavior relationships with advancing age. 

Inter‑individual variability of functional and structural connectivity was measured as the 

dissimilarity between each individual’s connectivity profile and the connectivity profiles of other 

individuals within the corresponding group (Mueller et al., 2013; Sun et al., 2022). See Chapter 

3.1.2 for a detailed description. 

To examine multivariate relationships among lifestyle/psychosocial factors, cognitive 

performance, and neural measures, we used partial least squares correlation (PLSC), which 

identifies shared covariance patterns between two sets of variables. PLSC is well-suited to high-

dimensional data with multicollinearity and can reveal distributed brain–behavior associations that 

may not be detectable with univariate approaches (Krishnan et al., 2011; see Chapter 3.1.3). 

This chapter is based on Zhang et al. (2025), published in Aging and Disease under a CC-

BY license. For the purposes of this dissertation, the manuscript has been structurally reorganized 

and revised, including modifications to the methods, results, and discussion.
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3.1 Methods 

Figure 3.1.1 Overview of the PLSC framework and analysis design. Top: Full sample divided 

into three age groups. Middle: Brain connectivity from 421 regions (assigned to 8 networks); inter-

IV calculated at network and region levels. Brain measures, lifestyle/psychosocial variables, and 

cognitive variables are input to PLSC to extract latent variables (with a focus on the first latent 

variable). Associations were tested using Spearman's rank correlation and two validation methods. 

Results shown as factor loadings and contributions of inter-IV in connectivity (bar charts for network-

wise; brain maps for region-wise). Bottom: Three models with different input features applied to 

the whole group and age subgroups, separately for network- and region-wise analyses. Figure 

adapted and modified from Zhang et al. (2025) (CC-BY). 

3.1.1 Sample and Data 

From the initial 1,314 participants in the 1000BRAINS study, 345 participants younger than 55 or 
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missing the age information were excluded, leaving 969 older adults (≥55 years) eligible. 

Participants were further excluded if they showed potential cognitive impairment based on the 

dementia screening test (DemTect score ≤ 8 or missing; n = 31; Kalbe et al., 2004), which ensured 

that the sample represented cognitively healthy older adults, leaving 938 participants. Of these, 851 

participants had available structural MRI, diffusion MRI, and rs-fMRI. From this eligible sample, 

692 participants had both structural and functional connectivity measures available for analysis. 

Additionally, participants missing lifestyle or psychosocial measurements at more than two time 

points (n = 193) or any of the 13 cognitive assessments of interest (n = 38) were excluded. The final 

sample comprised 461 participants (aged 67.3 ± 6.6 years; 210 females; see Table 3.2.1). See also 

Zhang et al. (2025). 

Lifestyle/psychosocial measures 

We focused on five lifestyle and psychosocial factors, that is, pack-years of smoking, alcohol 

consumption, physical activity, flights of stairs climbed, and social integration. These factors were 

included based on prior studies linking them to brain structure, function, and cognition (e.g., Bittner 

et al., 2021; Schurz et al., 2021; Topiwala et al., 2022; van der Velpen et al., 2022), as they represent 

both risk and protective domains. 

Neuropsychological performance tests 

For the current analysis, 13 cognitive measures from the 1000BRAINS dataset (described in 

Chapter 2.2) were included to investigate domain-specific associations. Executive control was 

represented by the TMT B–A score. Participants with any missing data in these 13 cognitive tests 

were excluded.  

MRI brain data 

This study focused on individual differences in brain connectivity, specifically structural and 

functional networks. To this end, we utilized diffusion MRI (dMRI) to assess structural connectivity 

and resting-state functional MRI (rsfMRI) to examine functional connectivity. Detailed information 

on data acquisition and preprocessing is provided in Chapters 2.3 and 2.4. 

3.1.2 Brain Connectivity and Inter-Individual Variability 

Brain atlas 

We used a combined brain atlas comprising 421 regions to capture cortical, subcortical, and 

cerebellar structures. 
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The cortical component consisted of 400 parcels based on the Schaefer et al. (2018) 

parcellation, which provides a fine-grained functional organization aligned with Yeo’s seven large-

scale functional networks (Yeo et al., 2011). To ensure coverage of key non-cortical structures, 14 

subcortical regions were included based on the FreeSurfer atlas (“Atlas_ROIs.2.nii.gz”, version 

5.3.0; Glasser et al., 2013). These regions were treated as a single subcortical network, consistent 

with previous network-level analyses (Liegeois et al., 2019; Nelson et al., 2023). Cerebellar regions 

were incorporated using the functional parcellation proposed by Buckner et al. (2011), with 

cerebellar voxels assigned to Yeo’s seven networks with which they showed the strongest functional 

connectivity. 

This approach resulted in 421 parcels organized into eight networks: seven cortical 

networks, including both cortical and cerebellar parcels, and one subcortical network. 

Functional connectivity (FC) 

Resting-state functional connectivity (RSFC) was computed from preprocessed resting-state fMRI 

data. Hereafter, we use FC to refer to RSFC. For each of the 421 brain regions, the average time 

series of all voxels within the region was extracted using fslmeants in FSL (Smith et al., 2004), 

capturing the overall activity of each region over time. Pearson correlation coefficients were then 

calculated between the time series of every pair of regions, resulting in a 421 × 421 FC matrix. 

Each matrix element reflects the degree to which the activities of two regions co-fluctuate, thereby 

indicating their functional relationship. 

To reduce spurious correlations from noise or random fluctuations, a permutation test with 

1,000 iterations was performed for each region pair (Stumme et al., 2020; Zalesky et al., 2012). 

Correlations not reaching statistical significance (p ≥ 0.05) were set to zero, effectively removing 

unreliable connections. Finally, all remaining correlation coefficients were transformed using Fisher’

s r-to-z transformation to stabilize variance and allow more accurate statistical comparisons across 

participants. 

Structural connectivity (SC) 

For structural connectivity (SC) analysis, we first aligned the 421-region parcellation template to 

each participant ’s individual diffusion space. Since the original 400-region Schaefer template 

primarily covers cortical gray matter, we dilated the boundaries of each region by 5 voxels, 

following a previous study (Stumme et al., 2022), to ensure that each region includes the gray-white 
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matter interface, which is critical for initiating tractography. This step ensures that the regions serve 

as reliable seed points for tracking white matter pathways. 

Next, we performed probabilistic streamline tractography to estimate the white matter 

connections between all pairs of regions using MRtrix v0.3.15. To improve the biological accuracy 

of these estimates, we applied SIFT-2 (Smith et al., 2015), which adjusts the raw streamline counts 

using a cross-sectional area multiplier, making the connectivity weights more representative of 

actual white matter fiber densities. Finally, the resulting 421 × 421 structural connectivity matrix 

was logarithmically transformed (log10) to reduce skewness and better handle the wide range of 

connection strengths across the brain following a previous study (Conrad et al., 2023). 

Measuring the inter-individual variability of connectivity 

To quantify inter-individual variability of connectivity, we operationalized inter-IV as one minus 

the mean correlation between a participant’s connectivity profile and those of all other participants 

in the group. This approach aligns with the conceptual framework of Mueller et al. (2013) and builds 

upon the individual-level decomposition method introduced by Sun et al. (2022). In this study, the 

procedure was adapted from Sun et al. (2022) without regressing out intra-individual variability, 

thereby capturing each participant’s overall deviation from the group mean (see Figure 3.1.2). 

For each participant 𝑚 and brain region (node) i, the connectivity profile of node 𝑖 (i.e., the 

vector of connections between node 𝑖 and all other nodes) was correlated with the corresponding 

profiles of all other participants 𝑛≠𝑚. The mean correlation across these participants was defined 

as the inter-individual similarity of functional connectivity (inter-ISFC): 

inter-ISFCi_m = 
∑𝐜𝐨𝐫𝐫(𝐅𝐂𝒊_𝒎, 𝐅𝐂𝒊_𝒏)

𝑵− 𝟏
 

The inter-individual variability of functional connectivity (IVFC) was then calculated as one 

minus the ISFC: 

inter-IVFCi_m = 1 - ISFCi_m 

Higher inter-IVFC values indicate greater deviation from the connectivity patterns of other 

participants. The same procedure was applied to structural connectivity to obtain inter-IVSC, 

yielding a participant-by-region matrix of FC- and SC-based inter-variability estimates used in all 

subsequent analyses. Additional group-level inter-variability measures are reported in Table 3.2.2. 
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Figure 3.1.2 Calculation of inter-individual variability (IV) of connectivity. This figure illustrates 

the computation of IV using functional connectivity (FC) as an example. For each participant, the 

connectivity profile of each brain region was correlated with the profiles of all other participants, and 

the resulting correlations were averaged to obtain the inter-individual similarity of FC, which was 

then converted into dissimilarity measures (IVFC), with higher values indicating greater variability 

from the group-average pattern. IVFC was calculated for all regions and participants, resulting in a 

participant-by-region matrix, and network-wise IVFC was obtained by averaging regional values 

within each functional network. The same procedure was applied to structural connectivity (SC) to 

obtain inter-IVSC. Figure adapted and modified from Zhang et al. (2025) (CC-BY).

3.1.3 Partial Least Squares Correlation (PLSC) and Models 

To explore associations between inter-IV of connectivity, lifestyle/psychosocial factors, and 

cognitive functions, we performed a partial least squares correlation analysis (pypyls package; 

https://github.com/netneurolab/pypyls; see Figure 3.1.1). PLSC identifies latent patterns of 

covariation between two sets of variables, the X matrix and Y matrix, by deriving latent variables 

(LVs) that maximize the covariance between linear combinations of the original variables (Abdi & 

Williams, 2013). This multivariate approach is robust against multicollinearity, can capture complex 

relationships, and is increasingly applied to explore brain-behavior associations (Hoagey et al., 2019; 

Mihalik et al., 2022; Petersen et al., 2024). In our study, each LV represents a pattern of covariation 

linking brain connectivity with lifestyle/psychosocial factors and cognition, summarizing the most 

prominent linear relationships in the data. This multivariate approach allows detection of 

associations that might be missed by univariate analyses. The PLSC analysis code was adapted from 

Petersen et al. (2024). 
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PLSC Models 

To examine both large-scale network effects and more fine-grained regional contributions, we 

conducted PLSC analyses at two levels for the whole sample: 

(i) Network-wise analysis: connectivity features aggregated by network (461 

participants×8 networks). 

(ii) Region-wise analysis: inter-IVSC/FC from 421 regions forming the X matrix (461 

participants×842 features). 

We constructed three types of PLSC models to address complementary research questions: 

a) Model 1 (Combined model): 

The Y matrix included five lifestyle/psychosocial variables and thirteen cognitive tests. 

This model captures the overall pattern linking inter-IV of connectivity with both lifestyle 

behaviors and cognitive functions, reflecting their shared and combined associations with 

individual variability of connectivity. 

b) Model 2 (Lifestyle/psychosocial-only model): 

The Y matrix included only the eight lifestyle and psychosocial variables. This model 

focuses on associations between inter-IV of connectivity and lifestyle/psychosocial 

variables by excluding cognitive variables from the covariance space, ensuring that their 

associations with brain connectivity are estimated without competition from cognitive 

variation. 

c) Model 3 (Cognition-only model):  

The Y matrix included only thirteen cognitive tests. This model focuses on inter-IV of 

connectivity–cognition associations by excluding lifestyle/psychosocial variables from 

the covariance space, ensuring that cognitive variables contribute uniquely to the derived 

latent pattern without competition from cognitive variation. 

Model 1 reveals the joint brain–behavior pattern, while Models 2 and 3 assess whether 

lifestyle and cognitive measures relate to overlapping or distinct brain features. The same model 

structure was applied at both the network and region levels. Before performing PLSC, all X and Y 

matrices were normalized and residualized for age, sex, and education. Analyses were additionally 

repeated within three age subgroups, resulting in a total of 24 models (2 levels × 3 models × 4 

sample sets: whole sample plus three age subgroups). In all cases, we focused on the first latent 
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variable, which accounted for the largest proportion of the covariance. For anatomical interpretation, 

brain regions were labeled by functional network, Schaefer parcel, and Juelich atlas (e.g., 

SAN_FrOperIns_2, area Id6; Amunts et al., 2020). 

PLSC Procedure  

Partial least squares correlation (PLSC) was used to identify multivariate patterns of covariation 

between brain (i.e., IV of connectivity, namely X) and behavioral variables (e.g., 

lifestyle/psychosocial and cognitive variables, namely Y). First, a correlation matrix between X and 

Y was computed. The number of latent variables (LVs) corresponded to the smaller dimension of 

this matrix. 

To identify the main patterns linking brain connectivity and behavior, PLSC applies singular 

value decomposition (SVD). Specifically, SVD splits the correlation matrix into three parts. Each 

LV consisted of a set of brain weights (U) and behavioral weights (V), together with a singular value 

reflecting the amount of covariance explained by that LV. 

Each LV identifies a brain-behavior pattern in which specific brain regions and behavioral 

traits exhibit the strongest coordinated differences across individuals. The explained variance of 

each LV was calculated as the squared singular value divided by the sum of squared singular values 

across all LVs. Statistical significance was assessed using permutation testing (5,000 permutations), 

with LVs considered significant at p < 0.05. 

Subject-specific covariance scores of brain and behavior were obtained by projecting 

individual X and Y data onto the corresponding singular vectors. These scores quantify the degree 

to which each participant expresses the identified brain–behavior pattern. 

Bootstrap resampling (5,000 iterations with replacement) was used to assess the reliability 

of variable contributions to the PLSC models. Singular value decomposition was recomputed for 

each resample, yielding distributions of singular vector weights. For behavioral variables in the Y 

matrix, these distributions were used to estimate 95% confidence intervals (CI). For brain features 

in the X matrix, bootstrap ratios were computed as the ratio of the singular vector weight to its 

bootstrap-estimated standard error (DuPre & Spreng, 2017; Petersen et al., 2024): 

Bootstrap ratio =  
Singular vector weight 𝑈𝑖,𝑗

Standard error estimated from bootstrapping
 

where i represents a brain feature; j represents a latent variable. 
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Post PLSC analyses 

Following the primary PLSC analysis, Spearman correlations were computed between the 

participant-level covariance scores derived from the X and Y matrices. A high correlation coefficient 

(rho) indicates consistent expression of the latent variables linking brain measures with behavioral 

and cognitive measures. 

The robustness of these correlations was evaluated using two approaches. First, a 

resampling-based repeated leave-one-out cross-validation (LOOCV) procedure implemented with 

PLSCanonical (Petersen et al., 2024) was applied solely as a validation framework. Across 1,000 

resampling iterations, latent scores were recomputed and correlated to generate empirical 

distributions of correlation coefficients and associated p-values. Statistical significance was 

assessed at p < 0.05 and corrected for multiple comparisons using false discovery rate (FDR; q < 

0.05; Benjamini & Hochberg, 1995). 

Second, permutation testing (1,000 iterations) was conducted to assess whether the 

observed correlations exceeded chance levels. 

3.1.4 Statistics and Sensitivity Analyses 

We first compared demographic and neuropsychological variables across the whole group and three 

age subgroups to characterize the sample. Because age stratification naturally leads to differences 

in behavior, cognition, and brain measures, these variations were expected and not considered 

confounds. Instead, these comparisons served to document age-related profiles and to confirm that 

non-age variables—especially sex—were not unevenly distributed across samples. 

“For normally distributed variables, we used Analysis of Variance (ANOVA) to compare 

differences among the three subgroups” (Zhang et al., 2025, page 8). For sex, between-group 

differences were assessed using Chi-Square tests, which are appropriate for categorical distributions. 

For non-normally distributed variables, the non-parametric Kruskal–Wallis test was applied to 

provide a robust comparison without assuming normality. 

To provide a comprehensive characterization of individual variability in brain connectivity, 

we also summarized group-level inter-IV of connectivity and performed ANOVA to compare 

differences across the three age subgroups at the network level. These analyses served as descriptive 

assessments to characterize how intrinsic connectivity varies with age, complementing the 
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multivariate findings. All univariate statistical analyses were conducted using IBM SPSS Statistics 

29.0. 

The PLSC, Spearman correlation analysis, validation analyses, and visualization were 

performed in Python (version 3.10.9) using established scientific computing and machine learning 

libraries (pandas, NumPy, pyls, pingouin, seaborn, scipy, scikit-learn, and matplotlib). 

The network-wise and region-wise PLSC analyses for Model 1 in the whole group were 

rerun after removing participants who were outliers on any lifestyle, psychosocial, or cognitive 

variable. Outliers were defined as scores exceeding ±3 standard deviations (SD) from the mean for 

each variable. This procedure retained 403 participants (mean age = 67.4 ± 6.5 years; 192 females) 

for the sensitivity analysis and was used to assess the robustness of the PLSC results to extreme 

values. 
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3.2 Results 

3.2.1 Sample Characteristics 

Descriptive statistics for the full sample (N = 461; mean age = 67.3 ± 6.6 years; mean education 

level = 6.39 ± 1.95) and for the three age subgroups are presented in Table 3.2.1. As expected, 

older age was accompanied by significant variations in several variables, including physical activity, 

number of flights of stairs climbed, and 12 cognitive domains—except for phonemic fluency. 

The characteristics of group-level individual variability of connectivity for the whole group and 

three age subgroups are listed in Table 3.2.2. Except for the inter-IVSC of the dorsal attention (DAN), 

salience/ventral attention (SAN), and subcortical networks, inter-IV of connectivity differed 

significantly among the three age subgroups. 
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Table 3.2.1 Basic information about participants. 

 Mean (SD) Statistic 

 Whole group 

(N = 461) 

Age 55-64 

(n = 189) 

Age 65-74 

(n = 206) 

Age ≥ 75 

(n = 66) 

ᵡ2/F-value p-value 

Demographic variables 

Age (years) 67.3 (6.6) 60.8 (2.3) 69.8 (2.8) 77.9 (2.8) / / 

Females (n, %) a 210, 45.6% 89, 47.1% 97, 47.1% 24, 36.4% 2.623 .269 

Education (ISCED) b 6.39 (1.95) 6.54 (1.91) 6.46 (1.95) 5.79 (1.98) 8.428 .015 

Lifestyle/psychosocial factors 

Packyears (of smoking) b 12.85 (20.99) 12.45 (21.29) 14.01 (21.23) 10.41 (19.37) 1.817 .403 

Alcohol (in g/week) b 10.36 (17.72) 11.68 (18.27) 9.16 (17.57) 10.32 (16.58) 4.248 .120 

MET (per week) b 46.19 (51.84) 44.77 (60.05) 48.46 (45.71) 43.14 (44.39) 6.064 .048 

Stairs (number per day) b 6.75 (9.22) 8.04 (11.25) 6.62 (8.02) 3.48 (4.13) 14.879 <.001 

Social integration (as social 
integration index) b 12.74 (6.38) 12.59 (5.81) 12.98 (6.66) 12.42 (7.10) 2.212 .331 

Cognitive variables 

Cognitive status (sum) b 14.86 (2.34) 15.24 (2.36) 14.88 (2.26) 13.73 (2.24) 17.411 .001 

Language comprehension b 30.95 (4.79) 31.47 (4.22) 31.13 (4.86) 28.92 (5.58) 13.133 .001 

Nomination b 14.53 (0.76) 14.69 (0.61) 14.53 (0.78) 14.09 (0.91) 30.336 <.001 

Figural memory b 8.70 (4.06) 10.36 (3.67) 8.00 (3.98) 6.09 (3.40) 66.762 <.001 

Verbal WM b 4.70 (1.07) 4.87 (1.16) 4.61 (1.00) 4.52 (0.93) 9.604 .008 

Phonemic fluency c 18.97 (6.20) 19.36 (6.13) 18.80 (5.86) 18.39 (7.39) 1.627 .443 

Phonemic switch b 18.63 (5.96) 19.29 (5.46) 18.50 (5.94) 17.15 (7.08) 3.259 .039 

Semantic fluency b 23.21 (6.90) 23.99 (6.73) 23.25 (6.94) 20.83 (6.77) 9.254 .010 

Semantic switch b 19.66 (4.67) 20.29 (4.34) 19.66 (4.62) 17.88 (5.33) 15.112 <.001 

Visuospatial WM b 4.70 (1.08) 4.92 (1.05) 4.52 (1.09) 4.61 (1.05) 13.173 .001 

Episodic memory c 60.11 (11.69) 64.11 (10.52) 58.36 (11.31) 54.08 (12.30) 24.39 <.001 

Long-term memory b 10.74 (2.68) 11.4 (2.51) 10.60 (2.55) 9.30 (2.93) 32.678 <.001 

Executive control b 54.31 (38.59) 43.39 (25.18) 55.57 (36.03) 81.67 (59.16) 50.619 <.001 

Note: The mean value and standard deviation are represented as mean (SD). Statistical analysis was performed among three 

age subgroups. Adapted and modified from Zhang et al. (2025) (CC-BY). 
a Chi-Square Test 
b Independent-Samples Kruskal-Wallis Test 
c One-way ANOVA 

Abbreviations: ISCED, International Standard Classification of Education; Packyears, pack-years of smoking; Alcohol, 

alcohol consumption; MET, metabolic equivalent of the task; Stairs, flights of stairs climbed; WM, working memory 
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Table 3.2.2 Characteristics of group-level inter-IV of connectivity. 

 Mean (SD) Statistic 

Network 
Whole group 

(N = 461) 

Age 55-64 

(n = 189) 

Age 65-74 

(n = 206) 

Age ≥ 75 

(n = 66) 
F-value p-value 

inter-IVFC 

whole brain 0.71 (0.08) 0.69 (0.09) 0.70 (0.09) 0.77 (0.07) 115.103 <.001 

VIN 0.70 (0.06) 0.67 (0.07) 0.70 (0.07) 0.75 (0.05) 26.083 <.001 

SMN 0.67 (0.05)  0.65 (0.05) 0.66 (0.06) 0.75 (0.04) 98.363 <.001 

DAN 0.73 (0.07) 0.71 (0.07) 0.72 (0.07) 0.78 (0.06) 17.245 <.001 

SAN 0.69 (0.08) 0.68 (0.08) 0.68 (0.09) 0.75 (0.06) 13.157 <.001 

LIN 0.83 (0.05)  0.83 (0.05)  0.83 (0.05)  0.86 (0.03)  4.688 .012 

FPN 0.72 (0.06) 0.71 (0.06) 0.71 (0.06) 0.77 (0.06) 17.530 <.001 

DMN 0.67 (0.09) 0.66 (0.09) 0.66 (0.10) 0.74 (0.08) 25.035 <.001 

Sub 0.81 (0.05) 0.80 (0.05) 0.81 (0.05) 0.85 (0.06) 4.346 .020 

inter-IVSC 

whole brain 0.37 (0.09) 0.35 (0.09) 0.36 (0.09) 0.40 (0.10) 29.509 <.001 

VIN 0.32 (0.07) 0.31 (0.07) 0.32 (0.07) 0.36 (0.09) 6.627 .002 

SMN 0.40 (0.06) 0.38 (0.06) 0.39 (0.06) 0.42 (0.08) 4.795 .009 

DAN 0.37 (0.07) 0.35 (0.06) 0.37 (0.07) 0.39 (0.08) 2.343 .100 

SAN 0.41 (0.11) 0.39 (0.11) 0.41 (0.11) 0.45 (0.13) 2.950 .056 

LIN 0.31 (0.06) 0.29 (0.06) 0.31 (0.06) 0.35 (0.06) 7.981 <.001 

FPN 0.35 (0.07) 0.33 (0.07) 0.35 (0.07) 0.38 (0.09) 6.718 .002 

DMN 0.36 (0.10) 0.34 (0.10) 0.36 (0.10) 0.39 (0.10) 7.330 <.001 

Sub 0.47 (0.13)  0.44 (0.12)  0.47 (0.13)  0.51 (0.14)  1.176 .319 

Note: The mean value and standard deviation are represented as mean (SD). The between-group differences among age subgroups 

were examined by one-way ANOVA. A significant p-value is marked in bold. Adapted and modified from Zhang et al. (2025) (CC-

BY). Abbreviations: inter-IVFC/IVSC, inter-individual variability of functional/ structural connectivity; VIN, visual network; SMN, 

somatomotor network; DAN, dorsal attention network; SAN, salience/ventral attention network; LIN, limbic network; FPN, 

frontoparietal control network; DMN, default mode network; Sub, subcortical network 
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3.2.2 PLSC Analyses for the Whole Group 

Figure 3.2.1 Explained variance and p-values of the first latent variable (LV1) in the whole 

group and three age subgroups. Gray dots represent the corresponding permutation-based p-

values. The dotted horizontal line marks the significance threshold (p = 0.05).
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Model 1 (combined model) 

Figure 3.2.2 Network-wise (A) and region-wise (B) PLSC results for Model 1 in the whole 

group (N = 461). The first latent variable was used to examine latent relationships. (a, d) Loadings 

of lifestyle/psychosocial and cognitive variables with 95% confidence intervals (bootstrap). Only 

significant variables (*) are shown. (b, e) Scatterplots of covariance scores: inter-individual 

variability (inter-IV) of connectivity (X-axis) vs. lifestyle/psychosocial and cognitive scores (Y-axis), 

colored by age (55–85 years, light blue–pink). (c) Bootstrap ratio bar chart for network-wise inter-

IV of functional (red) and structural connectivity (blue). (f) Brain maps of region-wise inter-IV of 

functional (left) and structural connectivity (right). Warm = positive, cool = negative; only significant 

regions (|ratio| > 1.96) are shown. Confounders (age, sex, education) were regressed out prior to 

PLSC. Figure adapted and modified from Zhang et al. (2025) (CC-BY). Abbreviations: rho, 

Spearman correlation coefficient; ns, non-significant contributions; Packyears, pack-years of 

smoking; WM, working memory 

In Model 1, both network-wise and region-wise PLSC analyses identified a significant latent 

variable (LV1) reflecting shared variance between inter-IV of connectivity and 

lifestyle/psychosocial and cognitive functions. At the network level, the LV1 explained 73.89% of 

the variance (p < .001; Figure 3.2.1), with inter-IV of connectivity scores positively correlated with 

lifestyle/psychosocial and cognitive scores (rho = .287, p < .001). This effect remained robust after 

PLSCanonical with repeated LOOCV (mean rho = .201, pFDR < .001) and permutation testing (p 

= .001). Variable loadings indicated a coherent behavioral pattern: greater inter-IV of connectivity 

was associated with lower social integration and poorer performance across multiple cognitive 

domains, including nomination, verbal working memory, episodic memory, and executive control 

(note that higher executive control scores indicate worse performance). Among connectivity 

measures, inter-IVSC within the SAN showed the strongest contribution (bootstrap ratio = 4.745; 

panel A-C in Figure 3.2.2, Tables 3.2.3 and 3.2.4).  
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Region-wise analysis revealed a similar pattern, with LV1 explaining 40.1% of the variance 

(p < .001) and a positive correlation between region-wise inter-IV of connectivity and behavioral 

scores (rho = .307, p < .001; LOOCV: mean rho = .193, pFDR < .001; permutation p = .018). Higher 

inter-IV of connectivity was linked to higher pack-years of smoking and lower social integration, 

along with lower performance across executive control, episodic memory, nomination, and verbal 

working memory domains. Positive inter- IVFC contributions were observed in regions of the visual 

network (VIN), including the left fusiform gyrus (area FG3), left visual cortex (area hOc2/V2), and 

left subiculum. Inter-IVSC contributions involved bilateral anterior cingulate cortex (area 33), the 

left inferior frontal gyrus (area 45), left frontal operculum (area OP9), and right visual cortex (area 

hOc2 and area hOc3d). In contrast, one lateral occipital region showed a negative inter-IVFC 

contribution, indicating an inverse regional association pattern (panel D-F in Figure 3.2.2, Table 

3.2.5). 
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Model 2 (lifestyle/psychosocial-only model)  

Figure 3.2.3 Network-wise (A) and region-wise (B) PLSC results for Model 2 in the whole 

group. The first latent variable was used to examine latent relationships. (a, d) Loadings of 

lifestyle/psychosocial variables with 95% confidence intervals (bootstrap). Only significant variables 

(*) are shown. (b, e) Scatterplots of covariance scores: inter-individual variability (inter-IV) of 

connectivity (X-axis) vs. lifestyle/psychosocial scores (Y-axis), colored by age (55–85 years, light 

blue–pink). (c) Bootstrap ratio bar chart for network-wise inter-IV of functional (red) and structural 

connectivity (blue). (f) Brain maps of region-wise inter-IV of functional (left) and structural 

connectivity (right). Warm = positive, cool = negative; only significant regions (|ratio| > 1.96) are 

shown. Confounders (age, sex, education) were regressed out prior to PLSC. Figure adapted and 

modified from Zhang et al. (2025) (CC-BY). Abbreviations: rho, Spearman correlation coefficient; 

ns, non-significant contributions; Packyears, pack-years of smoking 

In Model 2, network-wise and region-wise analyses revealed convergent findings. At the network 

level, the LV1 explained 76.5% of the variance (p = .002), linking higher alcohol consumption and 

lower social integration to higher inter-IVFC across six networks—most prominently the 

frontoparietal control network (FPN)—and higher inter-IVSC across seven networks, especially the 

SAN, partially consistent with Model 1 (rho = .159, p < .001; LOOCV: mean rho = .102, pFDR = .028; 

permutation p = .099) (panel A in Figure 3.2.3, Tables 3.2.3 and 3.2.4).  

Region-wise analysis further showed that higher pack-years of smoking, greater alcohol 

consumption, and lower social integration were associated with increased inter-IV of connectivity 

in regions within somatomotor network (SMN) and FPN (rho = .214, p < .001; LOOCV: mean rho 

= .098, pFDR = .035; permutation p = .385), including the right inferior frontal gyrus (area 45), medial 

prefrontal cortex, anterior cingulate cortex (area 33), left precentral gyrus (area 4a), right postcentral 

gyrus (area 1), and the precuneus (panel B in Figure 3.2.3, Table 3.2.5). 



Chapter 3: Study 1 

43 

 

Model 3 (cognition-only model) 

Figure 3.2.4 Network-wise (A) and region-wise (B) PLSC results for Model 3 in the whole 

group. The first latent variable was used to examine latent relationships. (a, d) Loadings of cognitive 

variables with 95% confidence intervals (bootstrap). Only significant variables (*) are shown. (b, e) 

Scatterplots of covariance scores: inter-individual variability (inter-IV) of connectivity (X-axis) vs. 

cognitive scores (Y-axis), colored by age (55–85 years, light blue–pink). (c) Bootstrap ratio bar 

chart for network-wise inter-IV of functional (red) and structural connectivity (blue). (f) Brain maps 

of region-wise inter-IV of functional (left) and structural connectivity (right). Warm = positive, cool = 

negative; only significant regions (|ratio| > 1.96) are shown. Confounders (age, sex, education) were 

regressed out prior to PLSC. Figure adapted and modified from Zhang et al. (2025) (CC-BY). 

Abbreviations: rho, Spearman correlation coefficient; ns, non-significant contributions; WM, working 

memory 

In Model 3, both network-wise and region-wise analyses partially replicated the pattern observed 

in Model 1. In terms of network-wise analysis, higher inter-IV of connectivity was associated with 

poorer performance across nomination, verbal working memory, episodic memory, and executive 

control (rho = .240, p < .001; LOOCV: mean rho = .164, pFDR < .001; permutation p = .002). The 

latent variable largely mirrored the inter-IV of connectivity pattern from Model 1, except for inter-

IVFC within the DAN and SAN (Figure 3.2.4; Tables 3.2.3 and 3.2.4).  

Consistently, region-wise analysis showed that lower cognitive performance correlated 

with higher inter-IV of connectivity across widespread brain regions overlapping those identified 

in Model 1 (rho = .269, p < .001; LOOCV: mean rho = .155, pFDR = .001; permutation p = .134; 

Figure 3.2.4; Table 3.2.5). 
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Overlapping regions  

Figure 3.2.5 The overlapping regions of 

significant contributions from Model 1 

(combined model) and Model 2 

(lifestyle/psychosocial-only model) in the whole 

group. The red color signifies inter-IV of functional 

connectivity (inter-IVFC), and the blue color 

represents inter-IV of structural connectivity (inter-

IVSC). 

We overlaid the bootstrap-ratio brain maps from Models 1 and 2 to identify regions contributing to 

the relationship between inter-IV of connectivity and lifestyle/psychosocial factors. Although these 

regions may also support specific cognitive functions, the overlay primarily identifies brain areas 

shared between inter-IV of connectivity and lifestyle/psychosocial factors (Figure 3.2.5). The 

bootstrap ratio maps showed that inter-IVFC contributions were mainly located in regions within the 

SMN, FPN, and default mode network (DMN), including the right frontal operculum and posterior 

opercular cortex (areas OP9/OP4), left superior and inferior parietal lobules (areas 5L/PFt), 

postcentral gyrus, and right lateral occipital cortex (area hOc5). In contrast, inter-IVSC contributions 

were primarily observed in regions within the VIN, SAN, and DMN, such as the bilateral inferior 

frontal gyrus (area 44), left orbitofrontal cortex (area Fo2), right medial superior frontal gyrus (area 

6ma), left posterior opercular cortex (area OP1), right superior parietal lobule (areas 5Ci/5M), right 

precentral gyrus (areas 4a/6d2), and right anterior cingulate cortex (area 33). 
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Table 3.2.3 Loading of the lifestyle/psychosocial factors, and/or cognition covariance pattern of the network-wise PLSC 

analysis in the whole group. 

Variables 
Model 1 Model 2 Model 3 

Loading CI (lower, upper) Loading CI (lower, upper) Loading CI (lower, upper) 

Packyears 0.09 -0.01, 0.18 0.10 -0.01, 0.19 / / 

Alcohol 0.07 -0.01, 0.15 0.07 4.65×10⁻5, 0.16 / / 

MET -0.03 -0.12, 0.07 -0.03 -0.11, 0.07 / / 

Stairs 0.01 -0.06, 0.10 0.02 -0.06, 0.10 / / 

Social integration -0.12 -0.19, -0.05 -0.12 -0.19, -0.05 / / 

Cognitive status -0.01 -0.11, 0.09 / / -0.01 -0.11, 0.08 

Language 
comprehension -0.07 -0.18, 0.03 / / -0.07 -0.18, 0.03 

Nomination -0.10 -0.19, -0.01 / / -0.10 -0.19, -0.02 

Figural memory -0.06 -0.15, 0.03 / / -0.06 -0.14, 0.02 

Verbal WM -0.09 -0.17, -1.33×10⁻3 / / -0.08 -0.17, -9.20×10⁻4 

Phonemic fluency 4.15×10⁻3 -0.09, 0.09 / / 3.79×10⁻3 -0.09, 0.09 

Phonemic switch 0.07 -0.03, 0.18 / / 0.07 -0.03, 0.18 

Semantic fluency -0.02 -0.11, 0.07 / / -0.02 -0.11, 0.07 

Semantic switch 0.03 -0.05, 0.12 / / 0.03 -0.05, 0.11 

Visuospatial WM -0.02 -0.10, 0.07 / / -0.01 -0.10, 0.08 

Episodic memory -0.15 -0.25, -0.05 / / -0.15 -0.26, -0.05 

Long-term memory -0.04 -0.14, 0.05 / / -0.04 -0.14, 0.06 

Executive control 0.16 0.07, 0.26 / / 0.16 0.07, 0.26 

Note: A significant loading is marked in bold. Adapted and modified from Zhang et al. (2025) (CC-BY). Abbreviations: CI, 95% 

confidence intervals; Packyears, pack-years of smoking; Alcohol, alcohol consumption; MET, metabolic equivalent of the task; 

Stairs, flights of stairs climbed; WM, working memory 

Table 3.2.4 Bootstrap ratio of network-wise PLSC analysis in the whole group. 

 inter-IVFC inter-IVSC 

 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 

VIN 4.674 2.444 4.207 4.496 2.756 3.665 

SMN 4.019 2.330 3.334 4.503 2.321 3.759 

DAN 2.316   4.116 2.282 3.546 

SAN 2.551 2.012  4.745 3.245 3.68 

LIN 3.506  3.275 3.726  3.34 

FPN 4.199 3.501 3.057 4.361 3.016 3.586 

DMN 3.832 2.612 3.023 4.285 3.348 3.303 

Sub 3.685 2.175 3.16 4.155 3.029 3.251 

Note: Bootstrap ratios are reported for the first latent variable (LV1) of each model and are shown only for networks exceeding the 

significance threshold (|bootstrap ratio| > 1.96). Positive values (red) indicate positive contributions, and negative values (blue) 

indicate negative contributions to the latent pattern. Empty cells indicate non-significant bootstrap ratios. Adapted and modified 

from Zhang et al. (2025) (CC-BY). Abbreviations: inter-IVFC/SC, individual variability of functional/ structural connectivity; VIN, 

visual network; SMN, somatomotor network; DAN, dorsal attention network; SAN, salience/ventral attention network; LIN, limbic 

network; FPN, frontoparietal control network; DMN, default mode network; Sub, subcortical network 
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Table 3.2.5 Loading of the lifestyle/psychosocial factors and/or cognition covariance pattern of the region-wise PLSC 

analysis in the whole group. 

 
Model 1 Model 2 Model 3 

Loading CI (lower, upper) Loading CI (lower, upper) Loading CI (lower, upper) 

Packyears 0.11 0.01, 0.21 0.15 0.03, 0.25 / / 

Alcohol 0.06 -0.02, 0.13 0.10 0.02, 0.18 / / 

MET -0.03 -0.11, 0.07 -0.04 -0.13, 0.05 / / 

Stairs 0.01 -0.07, 0.09 0.01 -0.07, 0.10 / / 

Social integration -0.13 -0.20, -0.06 -0.15 -0.22, -0.08 / / 

Cognitive status -0.02 -0.12, 0.08 / / -0.03 -0.12, 0.07 

Language 

comprehension 
-0.10 -0.21, 0.01 / / -0.11 -0.21, 6.80×10⁻4 

Nomination -0.14 -0.23, -0.05 / / -0.14 -0.24, -0.06 

Figural memory -0.08 -0.16, 4.90×10⁻3 / / -0.09 -0.17, -3.99×10⁻3 

Verbal WM -0.10 -0.18, -0.02 / / -0.11 -0.19, -0.03 

Phonemic fluency -0.02 -0.11, 0.07 / / -0.02 -0.11, 0.07 

Phonemic switch 0.05 -0.05, 0.15 / / 0.05 -0.06, 0.15 

Semantic fluency -0.04 -0.13, 0.04 / / -0.05 -0.13, 0.04 

Semantic switch 0.01 -0.07, 0.10 / / 0.01 -0.07, 0.09 

Visuospatial WM -0.03 -0.12, 0.06 / / -0.03 -0.12, 0.05 

Episodic memory -0.18 -0.28, -0.08 / / -0.19 -0.29, -0.09 

Long-term memory -0.07 -0.18, 0.02 / / -0.08 -0.17, 0.02 

Executive control 0.18 0.09, 0.28 / / 0.19 0.10, 0.29 

Note: A significant loading is marked in bold. Adapted and modified from Zhang et al. (2025) (CC-BY). Abbreviations: CI, 95% 

confidence intervals; Packyears, pack-years of smoking; Alcohol, alcohol consumption; MET, metabolic equivalent of the task; 

Stairs, flights of stairs climbed; WM, working memory 
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3.2.3 PLSC Analyses for Age Subgroups 

Model 1 (combined model)  
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Figure 3.2.6 Network-wise and region-wise PLSC results (Model 1) across three age 

subgroups. (A) Scatterplots of covariance scores: inter-IV of connectivity (X-axis) versus 

lifestyle/psychosocial and cognitive scores (Y-axis) for ages 55–64, 65–74, and ≥75. Colors 

indicate age subgroups, with darker shades representing older individuals within each subgroup. 

(B) Bootstrap ratio bar plots (up) for inter-IV of functional and structural connectivity. Brain maps 

(down) of region-wise inter-IV of functional (left) and structural connectivity (right). Warm = positive, 

cool = negative; only significant regions (|ratio| > 1.96) are shown. (C) Loadings of 

lifestyle/psychosocial and cognitive variables with 95% bootstrap confidence intervals. Significant 

variables are marked with *, and faded bars indicate effects not confirmed in validation analyses. 

Age, sex, and education were regressed out prior to PLSC. Figure adapted and modified from 

Zhang et al. (2025) (CC-BY). Abbreviations: IV, individual variability; rho, Spearman correlation 

coefficient; ns, non-significant contributions; Pack-years, pack-years of smoking; Alcohol, alcohol 

consumption; Physical activity, measured by metabolic equivalent of the task; Stairs, flights of stairs 

climbed; WM, working memory 

Age-specific associations were observed between inter-IV of connectivity, lifestyle/psychosocial 

factors, and cognition in both network-wise and region-wise analyses. In the 55–64 age group, no 

validated associations were detected at either the network level or the regional level (Figure 3.2.6). 

In the 65–74 age group, LV1 explained 73.9% of the variance (p < .001), with higher pack-

years of smoking and poorer performance in figural memory, verbal working memory, episodic 

memory, and executive control associated with higher inter-IV of connectivity across eight 

networks, particularly inter-IVSC of the DMN (Figure 3.2.6 and Table 3.2.6). Consistently, region-

wise analyses showed that higher inter-IVSC across widespread regions and inter-IVFC in several 

regions were associated with greater smoking and poorer cognitive performance across six tests. 

In participants aged 75 years and older, LV1 explained 74.1% of the variance at the network 

level (p < .001), indicating that higher alcohol consumption and better cognitive performance were 

both associated with lower inter-IVSC across eight networks, especially within the FPN (Figure 3.2.6 

and Table 3.2.6), while inter-IVFC showed no significant contribution. Region-wise results further 

demonstrated that higher inter-IV of connectivity was linked to lower alcohol consumption and 

poorer performance across 11 cognitive tests, with key contributors including inter-IVFC in the right 

superior temporal sulcus (area STS2) and inter-IVSC of the left mesial superior frontal gyrus (area 

6mp), frontal operculum (area OP9), precentral gyrus (area 6d2), and anterior cingulate cortex (area 

p32). 
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Model 2 (lifestyle/psychosocial-only model)  
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Figure 3.2.7 Network-wise and region-wise PLSC results (Model 2) across three age 

subgroups. (A) Scatterplots of covariance scores: inter-IV of connectivity (X-axis) versus 

lifestyle/psychosocial and cognitive scores (Y-axis) for ages 55–64, 65–74, and ≥75. Colors 

indicate age subgroups, with darker shades representing older individuals within each subgroup. 

(B) Bootstrap ratio bar plots (up) for inter-IV of functional and structural connectivity. Brain maps 

(down) of region-wise inter-IV of functional (left) and structural connectivity (right). Warm = positive, 

cool = negative; only significant regions (|ratio| > 1.96) are shown. (C) Loadings of 

lifestyle/psychosocial and cognitive variables with 95% bootstrap confidence intervals. Significant 

variables are marked with *, and faded bars indicate effects not confirmed in validation analyses. 

Age, sex, and education were regressed out prior to PLSC. Figure adapted and modified after 

Zhang et al. (2025). Abbreviations: IV, individual variability; rho, Spearman correlation coefficient; 

ns, non-significant contributions; Packyears, pack-years of smoking; Alcohol, alcohol consumption; 

Physical activity, measured by metabolic equivalent of the task; Stairs, flights of stairs climbed 

In Model 2, no consistent network-wise associations were observed across age groups (Figure 3.2.7). 

At the region-wise level, however, significant effects emerged exclusively in participants aged 75 

years and older, where lower alcohol consumption and higher physical activity were associated with 

higher inter-IVFC in regions such as the right superior parietal lobule (area 7A), as well as increased 

inter-IVSC across multiple regions, including the bilateral inferior frontal gyrus (areas 44 and 45). 
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Model 3 (cognition-only model) 
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Figure 3.2.8 Network-wise and region-wise PLSC results (Model 3) across three age 

subgroups. (A) Scatterplots of covariance scores: inter-IV of connectivity (X-axis) versus 

lifestyle/psychosocial and cognitive scores (Y-axis) for ages 55–64, 65–74, and ≥75. Colors 

indicate age subgroups, with darker shades representing older individuals within each subgroup. 

(B) Bootstrap ratio bar plots (up) for inter-IV of functional and structural connectivity. Brain maps 

(down) of region-wise inter-IV of functional (left) and structural connectivity (right). Warm = positive, 

cool = negative; only significant regions (|ratio| > 1.96) are shown. (C) Loadings of 

lifestyle/psychosocial and cognitive variables with 95% bootstrap confidence intervals. Significant 

variables are marked with *, and faded bars indicate effects not confirmed in validation analyses. 

Age, sex, and education were regressed out prior to PLSC. Figure adapted and modified from 

Zhang et al. (2025) (CC-BY). Abbreviations: IV, individual variability; rho, Spearman correlation 

coefficient; ns, non-significant contributions; WM, working memory 

In Model 3, age-specific associations between inter-IV of connectivity and cognitive performance 

were observed in both network-wise and region-wise analyses. In the 55–64 age group, no 

validated associations were detected at either the network level or the regional level (Figure 3.2.8).  

Among participants aged 65–74 years, a robust pattern emerged: at the network level, both inter-

IVFC and inter-IVSC were associated with poorer performance in figural memory, verbal working 

memory, episodic memory, and executive control (Figure 3.2.8 and Table 3.2.6). Consistently, 

region-wise analysis showed widespread inter-IVSC contributions with less inter-IVFC involvement. 

Among participants aged 75 years and older, network-level effects were driven exclusively 

by inter-IVSC and were primarily related to language-based cognitive measures (Figure 3.2.8 and 

Table 3.2.6). Region-wise results further revealed localized inter-IVFC effects (e.g., the right 

superior temporal sulcus, area STS2) alongside inter-IVSC contributions in the left orbitofrontal 

cortex (area Fo6) and anterior cingulate cortex (areas p24ab and p32), all of which were significantly 

associated with cognitive performance. 
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Table 3.2.6 Network-wise PLSC results showing bootstrap ratios of brain networks across three age subgroups. 

Networks 
inter-IVFC inter-IVSC 

Age 55-64 Age 65-74 Age ≥75 Age 55-64 Age 65-74 Age ≥75 

Model 1 

VIN 3.781 3.291  3.537 4.244 -3.755 

SMN 4.241 3.553   4.307 -4.6 

DAN 2.117 2.076  2.011 3.374 -4.099 

SAN 2.916 2.407  2.557 4.253 -4.82 

LIN 3.069 2.963  3.905 4.128 -3.845 

FPN 3.954 2.94  2.875 4.409 -5.159 

DMN 4.036 3.238  2.683 4.786 -5.012 

Sub 3.26 4.589  3.66 3.923 -3.412 

Model 2 

VIN 2.76   2.261 2.906  

SMN 3.734    3.035 3.582 

DAN 2.852    2.065 4.882 

SAN 3.08   2.045 3.085 4.19 

LIN 3.494   3.179 2.684  

FPN 3.849    3.103 4.073 

DMN 3.436   2.385 3.376 4.129 

Sub    2.374 2.882 1.973 

Model 3 

VIN 2.395 3.669  3.256 3.888 3.532 

SMN  3.788   3.758 3.81 

DAN  2.141  2.204 3.009 3.369 

SAN  2.637  2.043 3.866 3.915 

LIN  3.47  3.711 3.918 3.866 

FPN  3.079  3.072 4.083 4.48 

DMN  3.399  2.574 4.452 4.237 

Sub 2.688 4.889  3.375 3.42 3.18 

Note: Bootstrap ratios are reported for the first latent variable (LV1) of each model and are shown only for networks exceeding the 

significance threshold (|bootstrap ratio| > 1.96). Positive values (red) indicate positive contributions, and negative values (blue) 

indicate negative contributions to the latent pattern. Empty cells indicate non-significant bootstrap ratios. Adapted and modified 

from Zhang et al. (2025) (CC-BY). Abbreviations: inter-IVFC/SC, inter-individual variability of functional/ structural connectivity; 

VIN, visual network; SMN, somatomotor network; DAN, dorsal attention network; SAN, salience/ventral attention network; LIN, 

limbic network; FPN, frontoparietal control network; DMN, default mode network; Sub, subcortical network 
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3.2.4 Sensitivity Analyses 
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Figure 3.2.9 Sensitivity analysis: network-and region-wise PLSC analysis in 403 participants. 

(A) Covariance scatterplots showing inter-IV of connectivity (X-axis) versus lifestyle/psychosocial 

and cognitive scores (Y-axis). Colors indicate age subgroups, with darker shades representing older 

individuals. (B) Bootstrap ratio bar plots (up) for inter-IV of functional and structural connectivity. 

Brain maps (down) of region-wise inter-IV of functional (left) and structural connectivity (right). Warm 

= positive, cool = negative; only significant regions (|ratio| > 1.96) are shown. (C) Loadings of 

lifestyle/psychosocial and cognitive variables with 95% bootstrap confidence intervals. Significant 

variables are marked with *, and faded bars indicate effects not confirmed in validation analyses. 

Age, sex, and education were regressed out before PLSC. Figure adapted and modified from Zhang 

et al. (2025) (CC-BY). Abbreviations: IV, individual variability; rho, Spearman correlation coefficient; 

ns, non-significant contributions; Packyears, pack-years of smoking; Alcohol, alcohol consumption; 

Physical activity, measured by metabolic equivalent of the task; Stairs, flights of stairs climbed; WM, 

working memory 

After excluding outliers, both network-wise and region-wise PLSC analyses were repeated. Overall 

patterns were qualitatively similar to the main analyses; however, at the network level, only the 

inter-IV of connectivity–cognition association in Model 3 remained consistent, whereas other 

network-wise associations were attenuated after outlier exclusion (Figure 3.2.9). 

At the region-wise level, Model 1 continued to show that lower social integration and poorer 

performance in language comprehension, nomination, verbal working memory, episodic memory, 

and executive control were associated with higher inter-IV of connectivity; the inter-IVSC 

distribution across significant brain regions was preserved, although inter-IVFC effects were 

confined to the strongest contributors identified in the primary analysis. In Model 2, initial 

associations of higher pack-years, more flights of stairs, and lower social integration with inter-IV 

of connectivity were not validated following outlier removal. Consistent with the main results, 

Model 3 again demonstrated that poorer cognitive performance across several domains was 

associated with higher inter-IV of connectivity, with inter-IVSC patterns closely matching the 

primary findings and inter-IVFC contributions limited to the most robust regions. 
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3.3 Discussion 

In this study, we used a multivariate approach to examine how inter-individual differences in 

functional and structural connectivity relate to lifestyle/psychosocial and cognitive factors in a large 

cohort of older adults. PLSC analyses at both the network and regional levels identified a latent 

variable linking higher smoking or lower social integration, poorer cognitive performance, and 

greater inter-individual variability of connectivity across the cohort. Analyses within age subgroups 

further clarified these relationships at different stages of late adulthood. The following discussion 

builds on the interpretation reported in Zhang et al. (2025). 

3.3.1 Inter-Individual Variability of Brain Connectivity and Cognitive Functions 

Emerging evidence suggests that associations between inter-individual variability of functional 

connectivity and cognition may differ across age groups, with negative associations reported 

in older adults (Ma et al., 2021). Our network-wise and region-wise analyses further 

demonstrated a negative association between cognitive performance and both inter-IVFC and 

inter-IVSC in older adults, extending previous findings. Importantly, this relationship appears 

to be age-heterogeneous in late life. Prior studies have shown higher inter-IVFC in older than 

in younger adults (Ma et al., 2021) and an increasing inter-IVSC with age (Sun et al., 2022). 

Consistent with this, we observed distinct inter-IV– cognition relationships across age 

subgroups, with the oldest subgroup showing the highest inter-individual variability, 

potentially reflecting deterioration in network efficiency and modularity (Damoiseaux, 2017; 

Deery et al., 2023; Ferreira & Busatto, 2013; Li et al., 2020; Ma et al., 2021) and less stability 

of inter-regional connections (Fu et al., 2023; Wise et al., 2017). 

Region-wise analyses also indicated that widespread regions in frontal and occipital lobes 

contributed substantially to the inter-IV of connectivity–cognition relationship (see Figure 3.2.5). 

In the context of brain aging, such patterns may be associated with large-scale network 

reorganization. According to the Posterior-to-Anterior Shift in Aging (PASA) model, aging is 

accompanied by a compensatory redistribution of neural activity from posterior sensory regions 

toward anterior regions, particularly the prefrontal cortex (Davis et al., 2008; Perinelli et al., 2022; 

Zhang et al., 2017). However, our analysis does not allow inferences about the direction of 

connectivity changes. It may also be compatible with alternative frameworks, such as experience-
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dependent compensatory reorganization involving anterior-to-posterior and subcortical shifts 

(Grundy et al., 2017). The specific directionality of these inter-individual differences and their 

underlying mechanisms remain unclear. 

Finally, although inter-IV of connectivity could reflect unspecific noise, the observed 

associations with lower cognitive performance—particularly in episodic memory and executive 

control—suggest a link to neural inefficiency. Episodic memory relies on distributed systems, 

including the hippocampus and the default mode network (Nyberg, 2017), consistent with our 

findings. In contrast, studies reporting beneficial effects of higher BOLD signal variability focus on 

intra-individual temporal dynamics (Garrett, Kovacevic, et al., 2013; Goodman et al., 2024), which 

likely reflect compensatory processes (Spreng & Turner, 2019). By focusing on inter-individual 

variability, our results complement these approaches and underscore the importance of interpreting 

inter-IV of connectivity in relation to cognitive outcomes. 

3.3.2 How Lifestyle/Psychosocial Factors Relate to Inter-IV in Aging 

As discussed in the Introduction (Chapter 1.2), lifestyle and psychosocial factors may be an 

important source of increased brain heterogeneity in older adults. In the present study, lower 

social integration and poorer cognitive performance jointly contributed to a latent variable that 

covaried with higher network- and region-wise inter-IV of connectivity. This pattern is 

consistent with the revised scaffolding theory of aging and cognition (STAC-r), which posits 

that enriched environments, including social interaction, support the development and 

maintenance of compensatory neural scaffolding, whereas less engagement may compromise 

these mechanisms. 

A growing body of evidence supports the protective role of social engagement for brain 

health during aging. Higher levels of social engagement have been linked to larger gray matter 

volumes, particularly in temporal and occipital regions (James et al., 2012), as well as increases in 

brain volume following social activity interventions (Mortimer et al., 2012). From a microstructural 

perspective, greater social engagement has been associated with lower mean diffusivity in the 

frontal and temporal regions, indicating greater gray matter integrity (Felix et al., 2021). Functional 

imaging studies further suggest that social engagement is associated with higher functional 

connectivity within the salience/ventral attention network, which partly mediates associations with 
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executive functioning and global cognition in non-demented older adults (Pruitt et al., 2022). 

However, despite this evidence, relatively few studies have examined social integration in relation 

to brain connectivity. 

In addition to social integration, higher pack-years of smoking and lower cognitive 

performance jointly contributed to the latent variable that covaried with region-wise inter-IV of 

connectivity. Smoking may influence individual variability of brain connectivity through multiple 

pathways, including lower gray matter volume (Linli et al., 2023; Peng et al., 2018), white matter 

integrity (Gons et al., 2011), and accelerated brain aging (Bittner et al., 2021; Whitsel et al., 2022). 

Large-scale evidence from the UK Biobank (N = 19,415, age range: 45–78 years) indicates that 

smoking is associated with lower FC, particularly in frontal regions (Rolls et al., 2023). 

Longitudinal work further suggests that functional connectivity within frontal–insula circuits is 

related to smoking behavior, with connectivity between the anterior insula and ventromedial 

prefrontal cortex predicting long-term smoking reduction in older adults at risk for Alzheimer’s 

disease (Thovinakere et al., 2024). 

Within the STAC-r framework, smoking may be viewed as an adverse factor associated 

with reduced neural resources and less efficient compensatory scaffolding. However, the observed 

smoking-related effects in the present study were modest. Associations with pack-years of smoking 

were detected only in the region-wise PLSC analysis. They were not robust to sensitivity analyses 

excluding outliers, suggesting that these effects may be driven by extreme values rather than 

reflecting a strong population-wide association. This observation aligns with prior findings 

indicating that higher pack-years are primarily associated with accelerated brain aging in moderate 

to heavy smokers (Bittner et al., 2021). 

Moreover, pack-years represent cumulative lifetime exposure and do not capture current 

smoking status; some participants with non-zero pack-years were no longer smokers, which may 

attenuate detrimental effects. Consequently, associations between smoking, cognition, and inter-IV 

of connectivity may be driven by both cumulative exposure and current behavior, which need to be 

further elucidated.  

The STAC-r further emphasizes that aging outcomes reflect the combined influence of 

factors that either enrich or deplete neural resources. In this context, lower social integration and 

higher pack-years of smoking may exert additive or synergistic effects on compensatory scaffolding. 
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Consistent with this notion, large-scale studies have shown that healthier cardiovascular and 

lifestyle profiles are associated with lower dementia risk and better brain health, including larger 

brain volumes and less hippocampal atrophy (Sabia et al., 2019). Bittner et al. (2019) reported that 

social integration, together with smoking and alcohol consumption, contributed to higher FC in 

sensorimotor and prefrontal regions. Similarly, analyses of UK Biobank data identified brain aging 

components linked to modifiable risk factors such as smoking and alcohol consumption, which were 

also associated with poor cognitive performance (Smith et al., 2020). Extending these findings, our 

study highlights inter-IV of connectivity as an additional dimension of brain aging heterogeneity. 

Specifically, we identified a latent variable linking lower social integration, higher pack-years of 

smoking, and lower cognitive performance to higher inter-IV of connectivity, suggesting that 

accumulated modifiable risk factors may contribute not only to mean-level brain alterations but also 

to greater heterogeneity of brain reorganization. This interpretation is in line with evidence that 

cumulative lifestyle risks exert stronger effects on cognitive health than individual risk factors alone 

(Bittner et al., 2019; Kivipelto et al., 2001; Livingston et al., 2020). 

Finally, to disentangle lifestyle-related effects from those driven primarily by cognition, we 

examined overlapping brain regions contributing to both the combined lifestyle–cognition model 

(Model 1) and the lifestyle-only model (Model 2). These overlapping regions may be particularly 

sensitive to factors associated with reduced neural resources, such as smoking and low social 

integration. Such sensitivity may reflect compromised compensatory scaffolding mechanisms, 

manifested as higher inter-individual variability of connectivity and lower cognitive performance. 

Nonetheless, given the cross-sectional design and the possibility of factors not included in the 

present analyses (e.g., socioeconomic status, vascular risk factors), these interpretations should be 

considered cautiously. Longitudinal studies are needed to clarify potential causal pathways linking 

lifestyle and psychosocial factors, inter-IV of connectivity, and cognition in older adulthood. 

3.3.3 Age-Specific Patterns of Results 

In the current study, we observed age-dependent differences in the contribution of inter-IV of 

connectivity to the relationship between lifestyle/psychosocial factors and cognition. Overall, with 

older age, the contribution of inter-IV of functional connectivity (inter-IVFC) to the model became 

less important in older adults, involving fewer brain regions and smaller cluster sizes compared to 
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inter-IV of structural connectivity (inter-IVSC) (Figure 3.2.6). This pattern suggests that individual 

variability of structural connectivity may better capture age-related differences in brain integrity, 

likely reflecting heterogeneity in the rate and spatial pattern of brain structural degeneration among 

older individuals. Consistent with previous studies showing reduced structural connectivity with 

age (Damoiseaux, 2017; Gong et al., 2009; Zhao et al., 2015), these changes appear to follow a 

more directionally consistent trajectory than functional connectivity. 

Our findings align with Hebling Vieira et al. (2022), who demonstrated that combining 

baseline structural imaging with non-brain data improved prediction of cognitive decline, whereas 

adding FC did not provide additional benefit. Compared with SC, the relatively less contribution of 

FC in older age may be attributable to its non-linear, variable, and dynamic characteristics. In aging, 

functional connectivity may undergo adaptive reorganization to compensate for white matter 

degeneration, thereby supporting cognitive performance (Cabeza et al., 2018; Jauny et al., 2024). 

However, such compensatory changes can occur in different directions, including both increases 

and decreases in FC (Ferreira & Busatto, 2013; Geerligs et al., 2014; Jockwitz & Caspers, 2021; 

Stumme et al., 2022), making the relationship between inter-IVFC, behavior, and cognition difficult 

to capture using linear models. For instance, FC tends to be lower with age in the default mode, 

cingulo-opercular, and frontoparietal control networks, but may remain stable or even higher in 

somatomotor and visual networks (Geerligs et al., 2015). In contrast, healthier lifestyle factors show 

a clearer association with larger brain volumes years later as reported in a recent work (Mulugeta et 

al., 2022). Similarly, the contribution of inter-IVSC as a structural metric, which showed greater 

importance with older age in our models, is likely easier to interpret with a linear model than that 

of inter-IVFC. Importantly, these findings do not negate the predictive value of FC; rather, they 

highlight the conditions under which FC becomes a more challenging predictor of cognition in aging. 

Specifically, in the younger group (55–64 years), preliminary associations between inter-

IV of connectivity, lifestyle/psychosocial factors, and cognition did not survive validation and 

should be considered exploratory. This may indicate that such relationships are either absent or too 

subtle to detect in this transitional age period. Increased heterogeneity related to retirement, physical 

health, psychosocial context, and environmental exposures not included in the present analyses may 

obscure early effects. Moreover, age-related changes in brain and behavior may follow nonlinear 

trajectories, with more pronounced and detectable effects emerging after age 65 and reflecting 
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accumulated lifestyle-related risk. 

In the 65 – 74 group, higher pack-years of smoking, combined with lower cognitive 

performance (e.g., figural memory, verbal working memory, episodic memory, and executive 

control), were associated with higher network-wise and region-wise inter-IV of connectivity, 

consistent with results from the full sample. In contrast, social integration did not contribute 

significantly to this subgroup or to the oldest group, potentially due to reduced statistical power in 

smaller samples. 

In participants aged ≥75 years, negative associations between alcohol consumption and 

cognitive performance were primarily linked to inter-IVSC rather than inter-IVFC, highlighting 

increased vulnerability to structural connectivity decline in advanced age. Unlike younger-old 

participants, in whom functional connectivity may compensate for structural impairments, the oldest 

participants may exhibit reduced FC flexibility. They may no longer counteract SC decline, as 

suggested in previous studies (e.g., Lavanga et al., 2023). 

Regarding alcohol consumption, although extensive literature indicates accelerated 

cognitive decline in older drinkers (Han & Jia, 2021; Listabarth et al., 2022; Sabia et al., 2014; 

Topiwala et al., 2017), we observed a counter-intuitive negative correlation between alcohol 

consumption, inter-IV of connectivity, and cognition in the oldest group. This effect was not 

explained by generally lower drinking levels in this group (Table 3.2.1). Potential explanations 

include selective survival, higher cognitive reserve (Zijlmans et al., 2022), or reverse directionality, 

whereby individuals experiencing cognitive decline tend to reduce alcohol intake under health 

recommendations. However, given the small sample size (n = 66) and potential confounding, this 

finding should not be interpreted as evidence of the beneficial effects of alcohol consumption. 

Indeed, prior work suggests that any level of drinking may increase cognitive risk in older adults 

(Hassing, 2018). Moreover, smaller samples are known to yield larger observed effects due to 

increased sampling variability (Slavin & Smith, 2009), which may partly explain the stronger effects 

observed in this age group. Larger samples are needed to validate these findings.  

In summary, unlike previous large-scale studies focusing on single lifestyle factors or a 

composite lifestyle score (Gons et al., 2011; Linli et al., 2023; Mulugeta et al., 2022; Rolls et al., 

2023; Whitsel et al., 2022), the present study provides a novel perspective by examining multimodal 

inter-IV of connectivity and its relationship with cognition and multiple lifestyle/psychosocial 
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factors. By extending evidence on inter-IVFC and inter-IVSC from younger populations to healthy 

adults aged ≥ 55 years and refining age-specific patterns, we demonstrate that individual 

variability of connectivity captures meaningful associations that may be obscured in analyses of the 

whole sample. Linking multimodal inter-IV of connectivity to lifestyle and cognition offers 

empirical support for the STAC-r theory and provides a foundation for developing personalized 

interventions targeting cognitive aging. 

However, when interpreting the research findings, it is important to note that we did not, as 

in previous studies, regress out intra-individual variability (intra-IV) of connectivity—typically 

estimated from multiple scans within a short time window—from inter-IV (Chamberland et al., 

2017; Huang et al., 2025; Li et al., 2017; Ma et al., 2021; Sun et al., 2022). Although some studies 

split a single session into two halves to estimate intra-IV and remove it as noise (T. Xu et al., 2019; 

Y. Xu et al., 2019), we retained full scan durations to preserve signal-to-noise ratio and statistical 

power, as shorter time series reduce the reliability of functional connectivity estimates (Birn et al., 

2013; Mueller et al., 2015). Consequently, the inter-IV distribution observed here cannot be directly 

compared with prior reports (see Table 3.2.2). Replication in external cohorts, such as the German 

National Cohort (NAKO) or the UK Biobank, is therefore warranted. 
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3.4 Conclusions 

Overall, our study identified latent variables that link inter-individual differences of brain 

connectivity with lifestyle and psychosocial factors, as well as with cognitive functions. Specifically, 

greater inter-individual variability of connectivity—at both the network and regional levels—was 

associated with lower social integration and/or higher pack-years of smoking, as well as poorer 

cognitive performance across multiple domains, particularly episodic memory and executive control. 

The patterns of these associations varied across age subgroups. In the 65–74 age group, inter-IV of 

connectivity was positively correlated with smoking, whereas in the oldest age group, it was 

negatively correlated with alcohol consumption. With aging, inter-IVSC tended to contribute more 

strongly to the latent associations than inter-IVFC. These findings provide empirical support for the 

STAC-r theory, suggesting that unhealthier lifestyles may be associated with greater inter-individual 

variability of connectivity in older adults, potentially reflecting differences in neural resources and 

co-occur with poorer cognitive performance. However, these findings require replication in 

independent cohorts, and further research is needed to clarify the causal relationships among these 

factors. 
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Chapter 4: Individual Variability of Brain 

Connectivity as a Mediator between Network 

Segregation and Executive Control 

Maintaining executive control, in later life, is critical for older adults ’ independence in daily 

functioning and quality of life. Age-related differences in executive control have been closely linked 

to functional and structural reorganization of large-scale brain networks (Gallen et al., 2016; Xia et 

al., 2022), particularly within association systems supporting executive processing, including the 

frontoparietal control network, the cingulo-opercular network, and the salience/ventral attention 

network (Gratton et al., 2018; Hausman et al., 2022). Within executive control, set shifting—often 

described as cognitive flexibility—is a core component that shows reliable age-related decline. Age-

related alterations in functional network organization have been associated with reduced shifting 

performance (Xia et al., 2024). Network segregation, indexing the balance between within- and 

between-network connectivity, has emerged as a useful systems-level metric for quantifying these 

organizational changes and their impact on shifting performance (Chan et al., 2014). 

Cross-sectional studies of functional connectivity consistently report age-related 

differences in network segregation, with older adults showing lower segregation compared to 

younger adults, which is often interpreted as reflecting neural dedifferentiation and has been 

associated with worse cognitive performance (see Koen et al., 2020; Rakesh et al., 2020, for 

reviews). However, findings within the domain of executive control remain mixed. While some 

studies report positive associations between functional network segregation and executive 

performance (e.g., Cohen & D'Esposito, 2016; M. Schulz et al., 2024), others suggest that network 

segregation mediates the association between age and executive control (e.g., Madden et al., 2020; 

Stumme et al., 2020), whereas still others report weak or non-significant relationships (e.g., Chong 

et al., 2019; Ng et al., 2016). 

By contrast, emerging evidence regarding age-related patterns of structural network 

segregation is less consistent across studies. Although some work reports lower structural 

segregation in older relative to younger adults (e.g., Khalilian et al., 2024; Rodriguez-Nieto et al., 
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2025), other studies describe more complex or non-monotonic age-related patterns, including 

findings consistent with higher structural segregation in later life, observed in both cross-sectional 

and longitudinal analyses (e.g., Coelho et al., 2021; Puxeddu et al., 2020). Notably, this 

heterogeneity may partially reflect methodological differences in how network segregation is 

operationalized in studies. Specifically, "segregation" has been quantified using graph-theoretical 

metrics, such as modularity and system segregation (Wig, 2017), while related measures, including 

participation coefficient (reflecting integration), hubs, and local efficiency, have also been used or 

interpreted in this context, as noted in prior methodological discussions (Rubinov & Sporns, 2010), 

potentially contributing to mixed findings.  

Nevertheless, converging evidence indicates that age-related differences in white matter 

microstructure are closely associated with executive control in aging (see review in Bennett & 

Madden, 2014). Moreover, several recent studies across diverse populations, including typically 

developing samples and older adults, suggest that higher structural network segregation may be 

associated with better executive performance (e.g., Baum et al., 2017; Matyi et al., 2025; Rodriguez-

Nieto et al., 2025), although further evidence is needed.  

As described in Chapter 1.3, age-related network reorganization is also characterized by 

substantial variability in connectivity, which can be examined at both the inter-individual level 

(between-person dissimilarity) and the intra-individual level (within-person dissimilarity over time). 

However, it remains unclear how individual differences in connectivity relate to large-scale network 

segregation and executive control in healthy aging. To address this gap, the present study 

investigates whether inter- and intra-individual variability in brain connectivity mediate the 

relationship between large-scale network segregation and executive control in older adults, and 

whether this mediation is moderated by age. In the present study, executive control is 

operationalized via its set-shifting component, indexed by performance on the Trail Making Test 

Part B minus Part A (TMT B–A), a widely used measure of cognitive flexibility in aging research 

(Ashendorf et al., 2008).
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4.1 Methods 

 

Figure 4.1.1 Overview of the study methodology. Top: Sample characteristics and construction 

of structural (SC) and functional (FC) connectivity matrices using 421 brain regions (400 cortical, 

14 subcortical, 7 cerebellar). Middle: Calculation of brain metrics, including network segregation, 

inter- individual variability (inter-IV), and intra-individual variability (intra-IV) of connectivity within 

large-scale brain networks. Bottom: Mediation models (Model 1) and moderated mediation models 

were built for FC and SC separately within each network. 

4.1.1 Sample and Data 

Sample 

At visit 1, participants younger than 55 years or with missing age information (n = 345) were 

excluded, resulting in 969 individuals aged ≥55 years. Participants with potential cognitive 

impairment were excluded (DemTect score ≤ 8 or missing; n = 31; Kalbe et al., 2004), leaving 

938 participants. Of these, 851 participants had available structural MRI, diffusion MRI, and rs-

fMRI. Seventy-two participants were excluded because their imaging data did not yield usable 

connectivity measures. One participant with missing education information was excluded. Five 

participants missing the Trail Making Test (TMT) assessment were excluded. The final baseline 

sample comprised 773 participants (aged 67.0 ± 6.7 years, 355 females). At visit 2, 369 participants 

aged ≥ 55 years at both visits were available. An additional 10 participants were excluded for 

potential cognitive impairment. Of this eligible sample, 295 participants had structural MRI, 

diffusion MRI, and rs-fMRI data available at both visits for connectivity analyses. Twenty-three 

participants were excluded because their imaging data did not yield usable connectivity measures. 

No missing values were observed for the TMT assessment at follow-up. The final study sample 
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comprised 272 participants with follow-up data (aged 69.7 ± 6.3 years, 123 females; see Table 4.2.1).  

Trail Making Test  

For the present analyses, executive control was operationalized as set-shifting ability measured 

using the Trail Making Test (TMT) B–A difference score (Ashendorf et al., 2008; Reitan, 1958), 

consistent with Study 1. The B–A score represents the difference in completion time (seconds) 

between TMT Part B and Part A and is commonly used to isolate set-shifting ability while reducing 

the influence of processing speed. 

MRI brain data 

Preprocessed rsfMRI was used to evaluate functional connectivity following the same procedure in 

the first study (see details in Chapter 3.1.2). 

Compared to Study 1, the processing steps of the diffusion pipeline remained similar, 

despite the pipeline for the current study using a more recent Mrtrix (v3.0.4) with several 

refinements. First, Gibbs artifacts were reduced from the baseline images (b = 0 s/mm²) of both 

dMRI data sets using MRtrix3's mrdegibbs tool (Bautista et al., 2021; Kellner et al., 2016). Second, 

Motion and eddy-current correction were extended by incorporating slice-to-volume registration to 

improve motion correction at the slice level (Andersson et al., 2017). Third, non-linear registration 

was performed between the baseline images of the b = 1000 and b = 2700 s/mm² shells to account 

for geometric distortions arising from differences in the sequence parameters of the two diffusion 

shells. Linear and non-linear spatial transformations were combined and applied in a single reslicing 

step (1.25 mm³ isotropic resolution) to avoid repeated interpolation of the diffusion signal. Finally, 

an updated signal-normalization procedure was used to harmonize signal intensities between shells 

prior to their combination. Streamline tractography and structural connectivity reconstruction 

followed the procedures described in Study 1 (see Chapter 3.1.2 for details). 

4.1.2 Network Segregation 

For each large-scale brain network, we calculated network-wise within- and between-network 

connectivity, and network segregation for both FC and SC matrices. Calculations were performed 

separately for FC and SC. Specifically, FC matrices were first Fisher-z transformed, followed by 

taking the absolute value, to address the issue of positive and negative weights mutually inhibiting 

each other when estimating strength. SC matrices were log10 transformed (see Chapter 3.1.2). 
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Unlike the first study, cerebellar regions were treated as a separate network to additionally examine 

cerebellum-specific patterns, resulting in nine distinct networks in the present study. 

(i) Within- and between network connectivity 

Within-network connectivity was defined as the mean connectivity among nodes within a 

network, whereas between-network connectivity was defined as the mean connectivity between 

nodes of that network and all other networks. 

(ii) Network segregation score 

Network segregation quantifies the balance between within-network and between-network 

connectivity (Chan et al., 2014). We used the following general formula, applicable to both FC and 

SC: 

Segregation =
𝑊 − 𝐵

𝑊
 

where, 𝑊 is the average connectivity of all within-network connections; 𝐵 is the average 

connectivity of all between-network connections. 

Positive segregation values (>0) indicate that within-network connections are stronger than 

between-network connections (“segregated”), whereas negative values indicate stronger between-

network connections ( “ integrated ” ). A value of 1 occurs when there is no between-network 

connectivity. These calculations were performed using custom R scripts (R version 4.4.0; Glaubitz 

et al. (2022); Stumme et al. (2022)).  

4.1.3 Individual Variability of Connectivity 

Inter-individual variability (inter-IV) 

Inter-IV of connectivity was computed following the procedure described in Chapter 3.1.2. 

Intra-individual variability (intra-IV) 

Intra-IV of connectivity was calculated following a logic similar to inter-IV of connectivity (Mueller 

et al., 2013; Sun et al., 2022), but quantified within-participant changes in connectivity across 

repeated scans. Each participant underwent two scans per modality, with an interval of 

approximately four years. 

Take FC as an example, for each participant m and brain region (node) i, intra-IVFC was 

defined as one minus the absolute correlation between the node’s connectivity profiles across the 

two scans: 
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intra − IV𝐹𝐶𝑖_𝑚 = 1 − | 𝑐𝑜𝑟𝑟(𝐹𝐶𝑖,1𝑚
, 𝐹𝐶𝑖,2_𝑚)| 

where FC𝑖,1and FC𝑖,2denote the connectivity profiles of node i at the first and second scans, 

respectively. The absolute value ensured that low similarity (regardless of direction) consistently 

corresponded to high variability. Raw intra-IV values were then regressed out scan interval for each 

node, retaining absolute residuals as time interval-adjusted intra-IV estimates. The same procedure 

was applied to structural connectivity to derive intra-IVSC, yielding subject-by-region matrices used 

in subsequent analyses. 

To assess the spatial distribution of inter- and intra-IV of connectivity, group-level inter- 

and intra- IV of connectivity estimates were derived (Figure 4.2.1). 

4.1.4 Statistics and Sensitivity Analyses 

Partial correlations were used to examine associations among key variables, controlling for sex and 

education; correlations involving age were computed without controlling for age. The significance 

threshold was set to p < 0.05 (two-tailed), with multiple comparison corrections applied across 

networks using the false discovery rate within each modality (FDR, q < 0.05). 

Model 1 examined whether inter- and intra-IV of connectivity (inter/intra-IVSC and 

inter/intra-IVFC) mediate the association between network segregation and TMT B–A score within 

each large-scale brain network. Model 2 extended this framework by modeling age as a continuous 

moderator of the mediation pathways. In Model 1, age, sex, and education were included as 

covariates. In Model 2, sex and education were retained as covariates, and age was specified as a 

moderator through interaction terms for the respective mediation paths. Significant interaction 

effects were probed by estimating conditional path coefficients at the sample mean of age and at 

one standard deviation below and above the mean. For descriptive purposes, these reference points 

correspond to −1 SD (younger-old), the mean age (mean-age), and +1 SD (older-old). Moderated 

mediation was further evaluated by estimating conditional indirect effects of network segregation 

on TMT B–A score via IV of connectivity at these same reference values of age. 

Mediation and moderated mediation analyses were conducted using the PROCESS macro 

(version 4.0; Model 4 and Model 59) for SPSS (Hayes, 2017), with 5,000 bias-corrected bootstrap 

resamples used to estimate indirect effects. 

To facilitate interpretation, Trail Making Test B–A scores were multiplied by −1 so that 
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higher values indicated better set shifting in terms of executive control. Continuous predictors, 

mediators, outcomes, and education were z-standardized in all analyses. Age was z-standardized in 

Model 1 and mean-centered in Model 2, where it served as the moderator. Sex (0 = male, 1 = female) 

was included as a binary covariate. Indirect effects were considered statistically significant if their 

95% bias-corrected bootstrap confidence intervals, derived from 5,000 resamples, did not include 

zero.  

Correction for multiple comparisons was applied according to the structure of each analysis. 

FDR correction (q < .05) was applied across the nine networks for all effects in Model 1. For indirect 

effects, approximate two-sided p-values were computed based on the bootstrap standard error of the 

indirect effect estimate (z = indirect/BootSE; p = 2 × [1 − Φ(|z|)]) (MacKinnon, 2012) to enable 

FDR correction across networks. In Model 2, primary path effects (a, b, and c′) and age-moderated 

interaction terms were likewise FDR-corrected across networks. Simple slope analyses probing 

significant age-moderated paths were FDR-corrected across the three age levels within each 

network. Conditional indirect effects were FDR-corrected across networks separately at each 

reference value of age. 

Sensitivity analyses were conducted by rerunning all models after excluding participants 

with TMT B–A scores exceeding three standard deviations from the sample mean; after outlier 

removal, the analytic samples included n = 761 for inter-individual variability of connectivity 

analyses (mean age = 66.9 ± 6.7 years; 45.5% female) and n = 266 for intra-individual variability 

of connectivity analyses (mean age = 69.1 ± 6.8 years; 43.0% female).  
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4.2 Results 

4.2.1 Sample Characteristics: Demographic, Cognitive, and Brain Variables 

Baseline-only sample included 773 participants (45.9% female; mean age = 67.0 ± 6.7 years). For 

the outlier-removed sample (n = 761), TMT B–A scores were slightly lower, while age and sex 

distribution remained comparable (Table 4.2.1). 

The follow-up sample comprised 272 participants (45.2% female; baseline age = 66.0 ± 6.3 

years; follow-up age = 69.7 ± 6.3 years). For the outlier-removed sample (n = 266), TMT B–A 

scores at baseline and follow-up were modestly reduced, with similar demographic characteristics 

(Table 4.2.1). 

Network-level patterns of segregation and inter- and intra-IV of connectivity, together with 

their group-level spatial distributions projected onto the brain surface, are shown in Figure 4.2.1. 

Table 4.2.1 Sample characteristics of baseline and follow-up data. 

 Baseline-only data Follow-up data 

Full sample Baseline (n = 773) Baseline (n = 272) Follow-up (n = 272) 
Age (years) 67.0 (6.7) 66.0 (6.3) 69.7 (6.3) 

Females (n, %) 355 (45.9%) 123 (45.2%) 123 (45.2%) 

Education (ISCED) 6.49 (1.96) 6.74 (1.94) 6.75 (1.95) 

TMT B–A score (seconds) 53.99 (40.75) 48.48 (33.18) 49.36 (31.34) 

Outlier-removed sample Baseline (n = 763) Baseline (n = 266) Follow-up (n = 266) 
Age (years) 66.9 (6.7) 65.9 (6.4) 69.7 (6.3) 

Females (n, %) 348 (45.7%) 120 (45.1%) 120 (45.1%) 

Education (ISCED) 6.51 (1.96) 6.75 (1.94) 6.76 (1.95) 

TMT B–A score (seconds) 50.70 (30.07) 46.09 (26.90) 46.48 (24.85) 

Note: The mean value and standard deviation are represented as mean (SD).  
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Figure 4.2.1 Network segregation and inter- and intra-individual variability of structural (SC) 

and functional connectivity (FC). (A) Network-wise distributions of SC and FC metrics across 

large-scale brain networks, including segregation, inter-individual variability (inter-IV), and intra-

individual variability (intra-IV). Bars represent mean values for the full sample (dark colors) and the 

outlier-removed sample (light colors), with error bars indicating standard deviations. (B) Node-wise 

spatial distributions of SC and FC metrics displayed on brain surfaces. Color bars indicate 

normalized values ranging from 0 (blue) to 1 (red). Abbreviations: L / R, left and right hemispheres.
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4.2.2 Partial Correlations Between Variables 

In the baseline sample (n = 773), network segregation was consistently negatively associated with 

inter-IV across multiple networks for both structural and functional connectivity. Inter-IVSC and 

inter-IVFC were also positively associated with age, indicating greater variability in older 

participants. In contrast, greater inter-IVSC was associated with poorer TMT B–A performance, 

whereas similar associations were observed for inter-IVFC only in a few networks. In the follow-up 

sample (n = 272), network segregation remained negatively associated with intra-IV of connectivity 

across several networks, whereas associations with age and TMT B–A were generally weak or 

absent. Associations between network segregation and age were network-dependent and less 

consistent than those observed for IV of connectivity (Table 4.2.2).
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Table 4.2.2 Partial correlations between brain metrics, age, and TMT B–A. 

 
Network 

Structural connectivity Functional connectivity 

IV–age 
Segregation 

– age 

IV – 

Segregation 

IV – 

TMT B–A 

Segregation 

– TMT B–A 
IV-age 

Segregation 

– age 

IV – 

Segregation 

IV – 

TMT B–A 

Segregation – 

TMT B–A 

baseline-only 

sample 

(inter-IV) 

VIN 0.25  -0.60  -0.08  0.19 -0.09 -0.71   

SMN 0.28 -0.11 -0.23 -0.09  0.19 -0.19 -0.74   

DAN 0.28 0.09  -0.12  0.18  -0.56   

SAN 0.37  -0.26 -0.09  0.18 -0.12 -0.65   

LIN 0.20   -0.45   0.13   -0.10  

FPN 0.32 -0.15 -0.39 -0.10  0.17  -0.35   

DMN 0.31  -0.43 -0.08  0.17  -0.37   

Sub 0.35 0.32 0.30  -0.16 -0.14 0.24  -0.15 -0.10  

Cereb 0.21  -0.55   0.09  0.33   

follow-up 

sample 

(intra-IV) 

VIN   -0.61     0 -0.19    

SMN   -0.29     -0.19    

DAN           

SAN   -0.23         

LIN   -0.31      -0.20    

FPN   -0.41      -0.17    

DMN   -0.39      -0.23    

Sub  0.27 0.18         

Cereb   -0.50         

Note: Trail Making Test Part B–Part A difference score (TMT B–A) was reverse-coded (multiplied by −1) and normalized. Network segregation and inter-/intra-individual variability (IV) of 

connectivity were also normalized. Partial correlations controlled for sex and education, and additionally for age in all analyses except those involving age. Only correlations surviving false 

discovery rate (FDR) correction across the nine networks are shown; blank cells indicate non-significant correlations after FDR correction. Blue and red indicate negative and positive 

correlations, respectively. Abbreviations: VIN, visual network; SMN, somatomotor network; DAN, dorsal attention network; SAN, salience/ventral attention network; LIN, limbic network; 

FPN, frontoparietal control network; DMN, default mode network; Sub, subcortical network; Cereb, cerebellar network 
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4.2.3 Mediation Model (Model 1) 

Figure 4.2.2 Mediation effects of individual variability (IV). (A) Network-specific mediation 

models illustrating the indirect effects of network segregation on TMT B–A via inter- or intra-

individual variability (IV) of structural connectivity (SC) and functional connectivity (FC). Only 

representative networks with stable indirect effects after outlier removal are shown. Path effects (a, 

b, c′), total effects, and indirect effects were corrected for multiple comparisons across networks 

within each modality using false discovery rate (FDR). (B) Indirect effects across all networks with 

95% confidence intervals (CI). ✦ indicates significant results; * indicates effects surviving false 

discovery rate (FDR) correction; ✝ indicates that the mediation effect remained significant in the 

outlier-removed sample. 

Indirect effects via inter-IVSC 

In structural networks (Model 1), inter-IVSC significantly mediated the association between network 

segregation and TMT B–A performance in seven of the nine networks (all pFDR < .05), with no 

significant mediation observed in the dorsal attention (DAN) or limbic (LIN) networks (Figure 4.2.2; 

Table 4.2.3). Across these networks, lower network segregation was associated with greater inter-

IVSC, resulting in indirect effects indicating poorer TMT B–A performance (indirect effects = 0.026–

0.077). These indirect effects were opposite in direction to the direct effects of segregation on TMT 
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B–A, thereby attenuating the total effects. 

The subcortical network showed a distinct pattern in which higher network segregation was 

associated with greater inter-IVSC, which in turn was related to poorer TMT B–A performance 

(indirect effect = -0.038), opposite to the direction observed in other networks. 

Sensitivity analyses excluding outliers showed a similar overall pattern. Mediation effects 

remained evident in the somatomotor (SMN), salience/ventral attention (SAN), and frontoparietal 

control (FPN) networks, although these effects did not survive FDR correction (Figure 4.2.3; Table 

4.2.5). 

Indirect effects via inter-IVFC 

Mediation via inter-IVFC was observed only in the default mode (DMN), subcortical and cerebellar 

networks (Figure 4.2.2; Table 4.2.3), but none of these effects survived FDR correction. 

In the DMN and subcortical network, lower network segregation was indirectly associated 

with poorer TMT B–A performance via greater inter-IVFC (indirect effects = 0.013–0.023). In 

contrast, in the cerebellar network, lower network segregation was associated with better TMT B–

A performance via lower inter-IVFC (indirect effect = -0.022). After excluding outliers, only the 

subcortical mediation effect remained significant (Figure 4.2.3; Table 4.2.5). 

Indirect effects for intra-IVSC and intra-IVFC 

No significant mediation effects were detected for intra-IVSC. For functional connectivity, a 

mediation effect via intra-IVFC was observed in the visual network (Figure 4.2.2; Table 4.2.4), where 

higher network segregation was indirectly associated with worse TMT B–A performance through 

lower intra-IVFC (indirect effect = -0.024). This effect did not survive FDR correction but remained 

significant after excluding outliers (Figure 4.2.3; Table 4.2.6). 
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Table 4.2.3 Mediation analyses (full sample): Inter-individual variability of connectivity as a mediator between network segregation and TMT B–A. 

Models β (p-value) Bootstrap effects and confidence intervals 

Modality Networks X M Y a (p) b (p) c‘ (p) Total Indirect BootSE LLCI ULCI 

Structural 

connectivity 

VIN  -0.592 (<.001)*** -0.129 (0.003) ** -0.091 (0.034) * -0.015 (0.668) 0.077 *  0.032 0.014 0.139 

SMN✝ -0.233 (<.001) *** -0.110 (0.002) ** -0.086 (0.015) * -0.061 (0.081) 0.026 *  0.010 0.008 0.047 

DAN -0.012 (0.742) -0.113 (0.001) ** -0.056 (0.099) -0.054 (0.109) 0.001  0.006 -0.012 0.015 

SAN✝ -0.241 (<.001) *** -0.114 (0.002) ** -0.088 (0.011) * -0.061 (0.071) 0.027 *  0.011 0.008 0.051 

LIN -0.441 (<.001) *** -0.067 (0.082) -0.06 (0.109) -0.031 (0.359) 0.029  0.019 -0.005 0.067 

FPN✝ -0.370 (<.001) *** -0.120 (0.002) ** -0.050 (0.172) -0.006 (0.865) 0.044 *  0.017 0.013 0.077 

DMN -0.413 (<.001) *** -0.128 (0.001) ** -0.104 (0.005) * -0.051 (0.130) 0.053 *  0.020 0.015 0.093 

Sub 0.298 (<.001) *** -0.126 (0.001) ** -0.103 (0.005) * -0.141 (<.001) ** -0.038 *  0.018  -0.076  -0.007  

Cereb -0.553 (<.001) *** -0.129 (0.002) ** -0.121 (0.004) * -0.050 (0.153) 0.071 * 0.031 0.010 0.132 

Functional 

connectivity 

VIN 

 

-0.699 (<.001) *** -0.080 (0.101) -0.021 (0.661) 0.035 (0.301) 0.056  0.032 -0.008 0.118 

SMN -0.737 (<.001) *** 0.024 (0.638) 0.057 (0.262) 0.039 (0.249) -0.018  0.041 -0.099 0.064 

DAN -0.556 (<.001) *** -0.020 (0.637) 0.049 (0.229) 0.060 (0.075) 0.011  0.024 -0.035 0.061 

SAN -0.653 (<.001) *** 0.010 (0.820) 0.060 (0.188) 0.053 (0.122) -0.007  0.029 -0.062 0.052 

LIN -0.045 (0.216) -0.091 (0.008) * 0.009 (0.788) 0.013 (0.699) 0.004  0.004 -0.003 0.012 

FPN -0.346 (<.001) *** -0.046 (0.205) 0.023 (0.515) 0.039 (0.240) 0.016  0.011 -0.005 0.040 

DMN -0.368 (<.001) *** -0.063 (0.090) -0.018 (0.628) 0.005 (0.871) 0.023  0.013 3.71×10⁻4 0.050 

Sub✝ -0.148 (<.001) *** -0.090 (0.010) * 0.018 (0.592) 0.032 (0.349) 0.013  0.006  0.003  0.027  

Cereb 0.326 (<.001) *** -0.067 (0.066) 0.017 (0.627) -0.004 (0.896) -0.022  0.011  -0.044  -0.001  

Note: TMT B–A scores were reversed and normalized. Network segregation and inter-individual variability (inter-IV) of connectivity were normalized. Path coefficients (a, b, c′) and indirect 

effects are completely standardized. Indirect effects were estimated using bootstrap resampling (5,000 samples). Bold values indicate significant results. Asterisks denote effects surviving false 

discovery rate (FDR) correction (* pFDR < .05; ** pFDR < .01; *** pFDR < .001). All models controlled for age, sex, and education. ✝ indicates that the mediation effect remained significant in the 

outlier-removed sample. Colors indicate effect direction (blue = negative, red = positive).  
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Table 4.2.4 Mediation analyses (full sample): Intra-individual variability of connectivity as a mediator between network segregation and TMT B–A. 

Models β (p-value) Bootstrap effects and confidence intervals 

Modality Networks X M Y a (p) b (p) c‘ (p) Total Indirect BootSE LLCI ULCI 

Structural 

connectivity 

VIN  -0.610 (<.001)*** -0.042 (0.576) -0.042 (0.580) -0.016 (0.786) 0.025  0.041 -0.051 0.115 

SMN -0.297 (<.001)*** -0.026 (0.677) -0.067 (0.281) -0.06 (0.316) 0.008  0.017 -0.021 0.047 

DAN -0.077 (0.203) 0.007 (0.908) 0.039 (0.502) 0.039 (0.506) -0.001  0.004 -0.006 0.011 

SAN -0.229 (<.001)*** -0.041 (0.505) -0.106 (0.078) -0.097 (0.098) 0.009  0.013 -0.015 0.038 

LIN -0.309 (<.001)*** -0.034 (0.586) -0.079 (0.201) -0.068 (0.242) 0.010  0.023 -0.023 0.069 

FPN -0.405 (<.001)*** 0.009 (0.892) 0.054 (0.400) 0.05 (0.388) -0.004  0.026 -0.052 0.053 

DMN -0.393 (<.001)*** 0.007 (0.908) -0.06 (0.348) -0.063 (0.284) -0.003  0.024 -0.044 0.053 

Sub 0.189 (0.003)** 0.047 (0.431) -0.122 (0.05) -0.113 (0.064) 0.009  0.011  -0.014  0.030  

Cereb -0.508 (<.001)*** -0.057 (0.398) -0.114 (0.099) -0.085 (0.156) 0.029  0.032 -0.031 0.097 

Functional 

connectivity 

VIN✝  -0.185 (0.002)** 0.131 (0.026) 0.107 (0.069) 0.083 (0.155) -0.024  0.011 -0.049 -0.005 

SMN -0.093 (0.134) 0.088 (0.134) 0.086 (0.149) 0.077 (0.191) -0.008  0.007 -0.023 0.003 

DAN -0.127 (0.038) 0.042 (0.473) 0.090 (0.124) 0.085 (0.144) -0.005  0.008 -0.027 0.006 

SAN -0.088 (0.160) 0.066 (0.255) 0.019 (0.745) 0.014 (0.820) -0.006  0.007 -0.024 0.004 

LIN -0.203 (0.001)** 0.063 (0.289) -0.053 (0.369) -0.066 (0.255) -0.013  0.012 -0.038 0.009 

FPN -0.166 (0.006) * 0.057 (0.334) 0.017 (0.773) 0.008 (0.897) -0.009  0.009 -0.029 0.007 

DMN -0.232 (<.001)** 0.014 (0.809) 0.006 (0.914) 0.003 (0.957) -0.003  0.012 -0.026 0.022 

Sub 0.050 (0.416) 0.068 (0.248) 0.038 (0.524) 0.041 (0.487) 0.003  0.006  -0.007  0.018  

Cereb -0.103 (0.093) 0.098 (0.096) 0.046 (0.433) 0.036 (0.538) -0.010  0.009  -0.031  0.003  

Note: TMT B–A scores were reversed and normalized. Network segregation and intra-individual variability (intra-IV) of connectivity were normalized. Path coefficients (a, b, c′) and indirect 

effects are completely standardized. Indirect effects were estimated using bootstrap resampling (5,000 samples). Bold values indicate significant results. Asterisks denote effects surviving false 

discovery rate (FDR) correction (* pFDR < .05; ** pFDR < .01; *** pFDR < .001). All models controlled for age, sex, and education. ✝ indicates that the mediation effect remained significant in the 

outlier-removed sample. Colors indicate effect direction (blue = negative, red = positive).  
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Figure 4.2.3 Mediation effects in the outlier-removed sample. (A) Network-specific mediation 

models illustrating the indirect effects of network segregation on TMT B–A via inter- or intra-

individual variability (IV) of structural connectivity (SC) and functional connectivity (FC). Only 

representative networks with consistent indirect effects in the full sample are shown. Path effects 

(a, b, c′), total effects, and indirect effects were corrected for multiple comparisons across networks 

within each modality using false discovery rate (FDR). (B) Indirect effects across all networks with 

95% confidence intervals (CI). ✦ indicates significant results (uncorrected); * indicates effects 

surviving false discovery rate (FDR) correction; ✝ indicates that the mediation effect remained 

significant in the outlier-removed sample. 
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Table 4.2.5 Outlier-removed sample: Inter-individual variability of connectivity as a mediator between network segregation and TMT B–A. 

Models β (p-value) Bootstrap effects and confidence intervals 

Modality Networks X M Y a (p) b (p) c‘ (p) Total Indirect BootSE LLCI ULCI 

Structural 

connectivity 

VIN  -0.618 (<.001)*** -0.044 (0.187) 0.003 (0.920) 0.030 (0.239) 0.036  0.03 -0.021 0.095 

SMN✝ -0.263 (<.001)*** -0.066 (0.013) -0.038 (0.161) -0.020 (0.436) 0.023  0.010 0.005 0.046 

DAN -0.031 (0.400) -0.058 (0.025) -0.008 (0.741) -0.007 (0.794) 0.002  0.004 -0.006 0.012 

SAN✝ -0.266 (<.001)*** -0.062 (0.027) -0.022 (0.407) -0.005 (0.833) 0.022  0.011 0.002 0.046 

LIN -0.455 (<.001) ** -0.029 (0.313) -0.017 (0.536) -0.004 (0.863) 0.018  0.019 -0.018 0.056 

FPN✝ -0.387 (<.001)*** -0.071 (0.012) -0.038 (0.173) -0.010 (0.693) 0.037  0.015 0.010 0.070 

DMN -0.446 (<.001)*** -0.056 (0.056) -0.02 (0.484) 0.005 (0.841) 0.033  0.018 -0.001 0.072 

Sub 0.269 (<.001)*** -0.047 (0.089) -0.052 (0.064) -0.064 (0.017) -0.017  0.010  -0.038  0.004  

Cereb 0.578 (<.001)*** -0.047 (0.131) -0.044 (0.169) -0.016 (0.531) 0.037  0.024 -0.012 0.084 

Functional 

connectivity 

VIN 

 

-0.695 (<.001)*** -0.044 (0.223) -0.016 (0.654) 0.015 (0.558) 0.041  0.034 -0.026 0.107 

SMN -0.738 (<.001)*** -0.018 (0.633) 0.002 (0.953) 0.016 (0.539) 0.018  0.039 -0.058 0.096 

DAN -0.559 (<.001)*** -0.030 (0.335) -0.008 (0.781) 0.008 (0.744) 0.022  0.025 -0.025 0.071 

SAN -0.653 (<.001)*** -0.008 (0.810) 0.018 (0.593) 0.023 (0.359) 0.007  0.031 -0.053 0.070 

LIN -0.044 (0.227) -0.058 (0.022) -0.012 (0.637) -0.009 (0.711) 0.003  0.004 -0.002 0.012 

FPN -0.346 (<.001)*** -0.035 (0.195) 0.001 (0.977) 0.013 (0.602) 0.017  0.013 -0.008 0.042 

DMN -0.363 (<.001)*** -0.049 (0.075) -0.027 (0.320) -0.009 (0.721) 0.024  0.014 -0.002 0.053 

Sub✝ -0.152 (<.001)*** -0.069 (0.007) -0.007 (0.777) 0.003 (0.891) 0.014  0.006  0.004  0.028  

Cereb 0.324 (<.001)*** -0.044 (0.100) 0.003 (0.923) -0.012 (0.637) -0.019  0.012  -0.045  0.003  

Note: TMT B–A scores were reversed and normalized. Network segregation and inter-individual variability (inter-IV) of connectivity were normalized. Path coefficients (a, b, c′) and indirect 

effects are completely standardized. Indirect effects were estimated using bootstrap resampling (5,000 samples). Bold values indicate significant results. Asterisks denote effects surviving false 

discovery rate (FDR) correction (* pFDR < .05; ** pFDR < .01; *** pFDR < .001). All models controlled for age, sex, and education. ✝ indicates that the mediation effect was consistent in the full 

sample. Colors indicate effect direction (blue = negative, red = positive).  
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Table 4.2.6 Outlier-removed sample: Intra-individual variability of connectivity as a mediator between network segregation and TMT B–A. 

Models β (p-value) Bootstrap effects and confidence intervals 

Modality Networks X M Y a (p) b (p) c‘ (p) Total Indirect BootSE LLCI ULCI 

Structural 

connectivity 

VIN  -0.617 (<.001)*** -0.019 (0.753) -0.029 (0.627) -0.018 (0.709) 0.014  0.044 -0.066 0.111 

SMN -0.307 (<.001)*** -0.014 (0.774) -0.053 (0.289) -0.049 (0.307) 0.005  0.018 -0.027 0.046 

DAN -0.086 (0.182) 0.016 (0.730) 0.025 (0.607) 0.024 (0.626) -0.002  0.004 -0.009 0.009 

SAN -0.228 (<.001)*** -0.035 (0.462) -0.108 (0.023) -0.100 (0.031) 0.010  0.014 -0.016 0.041 

LIN -0.326 (<.001)*** 0.011 (0.833) -0.009 (0.854) -0.012 (0.788) -0.004  0.021 -0.037 0.05 

FPN -0.414 (<.001)*** 0.021 (0.687) 0.036 (0.488) 0.027 (0.562) -0.011  0.026 -0.061 0.046 

DMN -0.402 (<.001)*** 0.023 (0.649) 0.030 (0.562) 0.021 (0.664) -0.012  0.024 -0.056 0.042 

Sub 0.188 (0.003)** 0.040 (0.398) -0.088 (0.076) -0.08 (0.098) 0.010  0.012  -0.014  0.033  

Cereb -0.512 (<.001)*** -0.047 (0.387) -0.084 (0.127) -0.06 (0.206) 0.030  0.034 -0.033 0.098 

Functional 

connectivity 

VIN✝ 

 

-0.186 (0.002) ** 0.098 (0.036) 0.079 (0.091) 0.061 (0.189) -0.023  0.012 -0.050 -0.002 

SMN -0.102 (0.103) 0.069 (0.136) 0.050 (0.292) 0.043 (0.364) -0.009  0.008 -0.026 0.004 

DAN -0.129 (0.036) 0.032 (0.488) 0.030 (0.526) 0.025 (0.583) -0.005  0.009 -0.028 0.007 

SAN -0.079 (0.215) 0.047 (0.310) -0.003 (0.946) -0.007 (0.884) -0.005  0.007 -0.021 0.005 

LIN -0.211 (0.001)** 0.041 (0.393) -0.027 (0.570) -0.036 (0.444) -0.011  0.011 -0.032 0.01 

FPN -0.155 (0.013) * 0.049 (0.297) 0.055 (0.246) 0.047 (0.312) -0.009  0.009 -0.029 0.007 

DMN -0.227 (<.001)** 0.026 (0.585) -0.001 (0.983) -0.007 (0.881) -0.007  0.013 -0.034 0.021 

Sub 0.046 (0.454) 0.048 (0.309) 0.033 (0.480) 0.035 (0.451) 0.003  0.006  -0.006  0.017  

Cereb -0.102 (0.100) 0.04 (0.396) 0.036 (0.435) 0.032 (0.484) -0.005  0.007  -0.021  0.007  

Note: TMT B–A scores were reversed and normalized. Network segregation and intra-individual variability (intra-IV) of connectivity were normalized. Path coefficients (a, b, c′) and indirect 

effects are completely standardized. Indirect effects were estimated using bootstrap resampling (5,000 samples). Bold values indicate significant results. Asterisks denote effects surviving false 

discovery rate (FDR) correction (* pFDR < .05; ** pFDR < .01; *** pFDR < .001). All models controlled for age, sex, and education. ✝ indicates that the mediation effect was consistent in the full 

sample. Colors indicate effect direction (blue = negative, red = positive). 
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4.2.4 Age-Moderated Mediation Model (Model 2) 

Age-moderated path effects in the inter-IVSC model 

Age significantly moderated the association between network segregation and inter-IVSC in the 

DAN (β = 0.017) and FPN (β = -0.017), with both effects surviving FDR correction and remaining 

significant after outlier exclusion (Figures 4.2.4 and 4.2.8; Table 4.2.7). In the DAN, lower network 

segregation was associated with higher inter-IVSC at younger-old ages (−1 SD), whereas the 

association reversed at older-old ages (+1 SD). In the FPN, lower network segregation was 

associated with higher inter-IVSC, and this association was stronger at higher age values. 

Age also moderated the association between inter-IVSC and TMT B–A in multiple structural 

networks, with negative associations between greater inter-IVSC and lower TMT B–A evident 

primarily at higher age values (Figure 4.2.4; Table 4.2.7). Age additionally moderated the direct 

association between structural network segregation and TMT B–A in several networks. 

Moderated mediation analyses showed that the conditional indirect effects of network 

segregation on TMT B–A via inter-IVSC varied across probed age values (Figures 4.2.5 and 4.2.6; 

Table 4.2.7). No indirect effects were observed at younger-old ages. At the mean age values, positive 

indirect effects emerged in the SMN, SAN, FPN, and DMN. At older-old ages, indirect effects were 

evident in the visual (VIN), SMN, SAN, FPN, DMN, and cerebellar networks, surviving FDR 

correction. In these cortical and cerebellar networks, lower network segregation was associated with 

poorer TMT B–A performance via greater inter-IVSC. In contrast, the subcortical network showed 

an opposite-direction conditional indirect effect, such that higher segregation was associated with 

poorer TMT B–A performance via greater inter-IVSC. 



Chapter 4: Study 2 

83 

 

Figure 4.2.4 Age-moderated associations among network segregation, inter-individual variability (IV), and TMT B–A. (A) Simple slope plots illustrating age × 

network segregation of structural connectivity (SC) effects on inter-IVSC (a-path moderation). (B) Simple slope plots illustrating age × network segregation of functional 

connectivity (FC) effects on inter-IVFC in networks showing significant moderation. (C) Simple slope plots illustrating age-moderated associations between inter-IVSC 

and TMT B–A (b-path moderation). Only effects surviving false discovery rate (FDR) correction across networks are shown. Age was modeled as a continuous variable; 

lines represent conditional effects estimated at mean − 1 SD (younger-old), mean, and mean + 1 SD (older-old) of age. ✝ indicates results were consistent across 

samples.
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Figure 4.2.5 Age-moderated mediation effects of inter- (i) and intra- (ii) individual variability 

(IV) of connectivity across networks with 95% confidence intervals (CI). Age was modeled as 

a continuous variable; points represent conditional indirect effects estimated at mean − 1 SD 

(younger-old), mean, and mean + 1 SD (older-old) of age. † indicates effects that remained 

significant after outlier removal. 
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Figure 4.2.6 Age-moderated mediation effects via inter-individual variability (IV) of structural 

(A) and functional connectivity (B). Lines depict conditional indirect effects estimated at mean − 

1 SD (younger-old), mean, and mean + 1 SD (older-old) of age. Colored lines represent estimates 

from the full sample, and gray lines represent estimates from the outlier-removed sample. ✦ 

indicates significant results (uncorrected); * indicates effects surviving false discovery rate (FDR) 

correction. 

Age-moderated path effects in the inter-IVFC model 

In functional networks, age significantly moderated the association between network segregation 

and inter-IVFC in several cortical networks (β = -0.009 to -0.015; Table 4.2.7), with all effects 

surviving FDR correction and remaining significant after outlier exclusion. Across these networks, 

lower network segregation was associated with higher inter-IVFC, with stronger negative 

associations observed at older age values (Figures 4.2.4 and 4.2.8). Age-moderated associations 

involving inter-IVFC and TMT B–A scores, as well as network segregation and TMT B–A scores, 
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did not remain robust after outlier exclusion. 

Conditional indirect effects of network segregation on TMT B–A via inter-IVFC were 

detected in several networks, but remained consistent only in the visual and subcortical networks 

after outlier exclusion (Figures 4.2.5 and 4.2.6; Table 4.2.7). None of these conditional indirect 

effects survived FDR correction. In the visual network, a positive indirect effect was observed at 

younger-old age values, indicating that lower network segregation was associated with poorer TMT 

B–A performance via higher inter-IVFC. A similar mediation pattern was observed at mean age 

values in the subcortical network. 
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Table 4.2.7 Age-moderated mediation model: Inter-individual variability of connectivity as mediator. 

Modality Network 

Interaction β (p) Indirect effect [95% CIs] 

Segregation×Age → 

inter-IV 

inter-IV ×Age → 

TMT-B–A 

Segregation×Age → 

TMT-B–A 
−1 SD (younger-old) Mean +1 SD (older-old) 

Structural 

connectivity 

VIN -0.002 (0.604) -0.026 (<.001) *** -0.016 (0.008)* -0.059 [-0.156,0.024] 0.042 [-0.007,0.094] 0.148 [0.046,0.247] * 

SMN✝ -0.001 (0.859) -0.013 (0.006) ** -0.010 (0.064) -0.001 [-0.029,0.023] 0.020 [0.004,0.038] 0.042 [0.008,0.082] * 

DAN 0.017 (0.002) ** -0.018 (<.001) *** -0.010 (0.046) -0.006 [-0.029,0.01] 0.003 [-0.006,0.014] -0.016 [-0.052,0.009] 

SAN✝ 0.002 (0.747) -0.011 (0.025) * -0.014 (0.005)* 0.005 [-0.025,0.036] 0.023 [0.005,0.045] 0.039 [0.008,0.076] * 

LIN -0.007 (0.112) -0.014 (0.012) * -0.011 (0.030) -0.025 [-0.088,0.026] 0.013 [-0.016,0.043] 0.059 [-8.77×10⁻5,0.13] 

FPN✝ -0.017 (<.001) *** -0.017 (0.003) ** -4.96×10⁻4 (0.923) -0.006 [-0.035,0.016] 0.028 [0.004,0.053] 0.087 [0.026,0.147] * 

DMN✝ -0.006 (0.140) -0.018 (0.001) ** -0.012 (0.020)* -0.009 [-0.066,0.039] 0.037 [0.008,0.066] 0.092 [0.026,0.166] * 

Sub✝ 0.011 (0.033) -0.015 (0.003) ** -0.009 (0.096) 0.005 [-0.034,0.037] -0.022 [-0.053,0.002] -0.063 [-0.127,-0.013] * 

Cereb -0.003 (0.535) -0.023 (<.001) *** -0.021 (<.001)** -0.03 [-0.095,0.030] 0.054 [-2.83×10⁻4,0.109] 0.142 [0.034,0.246] * 

Functional 

connectivity 

VIN✝ -0.007 (0.055) 0.003 (0.609) -0.002 (0.813) 0.071 [0.006,0.138] 0.06 [-0.001,0.120] 0.047 [-0.078,0.164] 

SMN -0.009 (0.011) * 0.011 (0.110) 0.020 (0.006) * 0.034 [-0.035,0.115] -0.016 [-0.095,0.055] -0.075 [-0.253,0.073] 

DAN -0.005 (0.275) 0.002 (0.704) 0.024 (<.001) ** 0.016 [-0.038,0.069] 0.009 [-0.034,0.052] 0.002 [-0.069,0.075] 

SAN -0.014 (<.001) ** 0.006 (0.328) 0.024 (0.001) ** 0.01 [-0.044,0.065] -0.013 [-0.062,0.036] -0.044 [-0.151,0.054] 

LIN 0.003 (0.547) -0.012 (0.009) 0.004 (0.408) -0.001 [-0.008,0.006] 0.003 [-0.002,0.01] 0.003 [-0.021,0.023] 

FPN -0.013 (0.007) * 0.005 (0.287) 0.019 (0.001) ** 0.02 [3.63×10⁻4,0.041] 0.015 [-0.006,0.036] 0.003 [-0.044,0.049] 

DMN -0.015 (0.002) ** 5.46×10⁻5 (0.991) 0.006 (0.259) 0.015 [-0.004,0.037] 0.021 [4.83×10⁻4,0.046] 0.027 [-0.017,0.078] 

Sub✝ -0.001 (0.789) -0.003 (0.579) 0.005 (0.353) 0.01 [-0.002,0.025] 0.013 [0.003,0.026] 0.017 [-0.001,0.043] 

Cereb 0.004 (0.471) -0.001 (0.779) 0.002 (0.666) -0.017 [-0.039,0.003] -0.022 [-0.044,-0.002] -0.026 [-0.074,0.01] 

Note: TMT B–A scores were reversed and normalized. Network segregation and inter-individual variability (inter-IV) were normalized. Bold values indicate statistically significant effects. 

Asterisks denote effects surviving false discovery rate (FDR) correction (* pFDR < .05; ** pFDR < .01; *** pFDR < .001). All models controlled for sex and education. Conditional effects are estimated 

at mean − 1 SD (younger-old), mean, and mean + 1 SD (older-old) of age. ✝ indicates mediation effects that remained significant in the outlier-removed sample (see Figure 4.2.6). 
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Age-moderated path effects in the intra-IVSC model 

Figure 4.2.7 Age-moderated effects involving intra-individual variability (IV) of connectivity. 

(A) Simple slope plots illustrating age × network segregation of structural connectivity (SC) 

interactions on intra-IVSC (a-path moderation). Only effects surviving false discovery rate (FDR) 

correction across networks are shown. Lines depict conditional effects estimated at mean − 1 SD 

(younger-old), mean, and mean + 1 SD (older-old) of age. (B) Conditional indirect effects of network 

segregation on TMT B–A via intra-IVFC across age. Colored lines represent estimates from the full 

sample, and gray lines represent estimates from the outlier-removed sample. ✦ indicates significant 

results (uncorrected); * indicates effects surviving FDR correction. ✝ indicates results were consistent 

across samples. 

Age moderated the association between network segregation and intra-IVSC in several structural 

networks, including the VIN, SMN, LIN, FPN, DMN, and cerebellar networks (Figure 4.2.7; Table 

4.2.8). All effects survived FDR correction and remained robust after outlier exclusion (Figure 

4.2.8). Across these networks, higher network segregation was associated with lower intra-IVSC, at 
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younger-old ages, with the negative association becoming weaker at higher age values. 

Consistent with Model 1, intra-IVSC was not associated with TMT B–A, and no conditional 

indirect effects of network segregation on TMT B–A via intra-IVSC were observed (panel B in Figure 

4.2.5). 

Age-moderated path effects in the intra-IVFC model 

Age showed no consistent moderation of the paths linking functional network segregation, intra-

IVFC, and TMT B–A (Table 4.2.8). 

Conditional indirect effects of network segregation on TMT B–A via intra-IVFC were 

observed at mean and older-old ages in the visual network, indicating that higher network 

segregation was indirectly associated with worse TMT B–A performance through lower intra-IVFC. 

This pattern remained consistent after outlier exclusion but did not survive FDR correction (Table 

4.2.8; Figure 4.2.7). A similar but less stable conditional indirect effect was observed in the FPN in 

sensitivity analyses, but it did not survive multiple-comparison correction (Figure 4.2.7). 
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Table 4.2.8 Age-moderated mediation model: Intra-individual variability of connectivity as mediator. 

Modality Network 

Interaction β (p) Indirect effect [95% CIs] 

Segregation×Age → 

intra-IV 

intra-IV ×Age → 

TMT-B–A 

Segregation×Age → 

TMT-B–A 
−1 SD (younger-old) Mean +1 SD (older-old) 

Structural 

connectivity 

VIN 0.041 (<.001)*** -0.006 (0.661) -0.001 (0.934) 0.023 [-0.072,0.132] 0.036 [-0.054,0.155] 0.032 [-0.06,0.154] 

SMN 0.034 (<.001)*** 0.008 (0.446) 0.002 (0.873) 0.031 [-0.02,0.100] 0.003 [-0.036,0.056] -0.004 [-0.028,0.032] 

DAN 0.007 (0.483) 0.005 (0.605) 0.009 (0.343) 0.002 [-0.005,0.019] -0.002 [-0.012,0.02] -0.002 [-0.016,0.026] 

SAN 0.010 (0.282) 3.21×10⁻4 (0.975) -0.002 (0.792) 0.012 [-0.017,0.044] 0.009 [-0.024,0.055] 0.006 [-0.034,0.066] 

LIN 0.029 (0.001)** 0.006 (0.653) 0.005 (0.563) 0.029 [-0.011,0.108] 0.006 [-0.062,0.097] -0.003 [-0.045,0.084] 

FPN 0.035 (<.001)*** 0.01 (0.389) 0.007 (0.449) 0.026 [-0.067,0.102] -0.008 [-0.066,0.069] -0.016 [-0.057,0.056] 

DMN 0.030 (<.001)** 0.013 (0.299) 0.004 (0.671) 0.026 [-0.03,0.096] -0.016 [-0.086,0.06] -0.026 [-0.085,0.062] 

Sub -0.013 (0.168) -0.002 (0.836) -0.009 (0.356) 0.015 [-0.014,0.055] 0.008 [-0.018,0.03] 0.003 [-0.033,0.021] 

Cereb 0.024 (0.003)** -0.020 (0.075) -0.011 (0.299) -0.011 [-0.08,0.060] 0.054 [-0.028,0.145] 0.082 [-0.023,0.193] 

Functional 

connectivity 

VIN✝ -0.007 (0.443) 0.021 (0.035) 0.013 (0.172) -0.001 [-0.022,0.019] -0.025 [-0.052,-0.006] -0.061 [-0.126,-0.017] 

SMN -0.006 (0.497) 0.004 (0.710) -0.001 (0.896) -0.003 [-0.021,0.013] -0.008 [-0.024,0.004] -0.015 [-0.047,0.009] 

DAN -0.008 (0.410) 0.008 (0.454) 0.015 (0.136) -5.71×10⁻5 [-0.028,0.010] -0.007 [-0.028,0.005] -0.018 [-0.061,0.013] 

SAN -0.003 (0.778) 0.014 (0.166) 0.001 (0.908) 0.001 [-0.018,0.017] -0.007 [-0.026,0.004] -0.017 [-0.061,0.009] 

LIN 0.004 (0.703) 0.011 (0.313) -0.007 (0.451) -0.002 [-0.024,0.025] -0.016 [-0.045,0.009] -0.026 [-0.086,0.013] 

FPN -0.008 (0.431) 0.016 (0.124) 0.004 (0.639) 0.003 [-0.012,0.024] -0.011 [-0.033,0.005] -0.035 [-0.091,0.003] 

DMN 0.005 (0.643) 0.007 (0.485) 0.011 (0.275) 0.007 [-0.030,0.042] -0.004 [-0.027,0.024] -0.013 [-0.048,0.032] 

Sub -0.021 (0.057) 0.013 (0.207) -0.004 (0.707) -2.32×10⁻4 [-0.020,0.019] 0.002 [-0.01,0.019] -0.017 [-0.069,0.019] 

Cereb 0.005 (0.585) 0.015 (0.136) 0.012 (0.210) -0.001 [-0.025,0.021] -0.010 [-0.033,0.003] -0.013 [-0.062,0.024] 

Note: TMT B–A scores were reversed and normalized. Network segregation and intra-individual variability (intra-IV) were normalized. Bold values indicate statistically significant effects. 

Asterisks denote effects surviving false discovery rate (FDR) correction (* pFDR < .05; ** pFDR < .01; *** pFDR < .001). All models controlled for sex and education. Conditional effects are estimated 

at mean − 1 SD (younger-old), mean, and mean + 1 SD (older-old) of age. ✝ indicates mediation effects that remained significant in the outlier-removed sample (see Figure 4.2.7). 
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Figure 4.2.8 Sensitivity analyses in the outlier-removed sample: age-moderated associations 

involving network segregation and individual variability (IV) of connectivity. Only effects 

surviving false discovery rate (FDR) correction across networks are displayed. (A) Simple slope 

plots illustrating age × network segregation interactions on inter-individual variability of structural 

connectivity (inter-IVSC; i) and functional connectivity (inter-IVFC; ii) (a-path moderation). (B) Age-

moderated effects involving intra-individual variability (intra-IV). Left panels (i) show age × network 

segregation of structural connectivity (SC) interactions on intra-IVSC (a-path moderation). Right 

panels (ii) show age × intra-IVFC interactions on TMT B–A scores (b-path moderation). Lines 

represent conditional effects estimated at mean − 1 SD (younger-old), mean, and mean + 1 SD 

(older-old) of age. ✝ indicates results were consistent across samples.
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4.3 Discussion 

This study advances understanding of age-related differences in large-scale brain network 

organization by explicitly modeling inter- and intra-individual variability in structural and 

functional connectivity as key variables within models examining associations between network 

segregation and executive control in healthy older adults. Rather than treating variability as noise, 

the findings indicate that inter-IV—particularly in SC—plays a prominent role in accounting for 

how network segregation relates to executive control, with this role differing as a function of age. 

Across networks and connectivity modalities, variability-related pathways showed distinct and 

context-dependent patterns, whereas intra-IV exhibited less involvement. Collectively, these results 

support a framework in which age-related differences in executive control are better characterized 

by considering interactions between network segregation and multiple sources of individual 

variability, rather than by focusing on network segregation or age effects in isolation.  

4.3.1 Age-Related Network Segregation and Individual Variability of Connectivity 

Network segregation, as a quantitative index of system separation or modular organization, has been 

consistently reported to decline with age in functional connectivity studies (Chan et al., 2014; Koen 

et al., 2020; Wang et al., 2021; Wig, 2017). Consistent with this literature, we observed correlations 

between lower functional network segregation and older age across several networks in the baseline 

sample, particularly in the somatomotor network, after controlling for sex and education (Table 

4.2.2). 

In contrast, age-related differences in structural network segregation were heterogeneous 

and network-dependent. Cortical systems, including the SMN and FPN, showed lower structural 

segregation at older ages, whereas the DAN and subcortical networks showed higher segregation at 

older ages. These findings align with previous reports that age-related changes in white matter 

integrity and connectivity are highly non-uniform across fiber systems and circuits (Poulakis et al., 

2021; Vik et al., 2015). Importantly, greater structural segregation in the absence of corresponding 

behavioral benefits does not necessarily imply enhanced functional differentiation. In subcortical 

systems, in particular, higher segregation may reflect reduced cortico–subcortical integration, 

consistent with long-distance white-matter disconnection accounts of cognitive aging (Bennett & 

Madden, 2014). 
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Consistent with prior work (Huang et al., 2025; Ma et al., 2021), higher inter-IV of 

connectivity was associated with older age across systems without confounding of sex and 

education, indicating increased between-person heterogeneity in network organization with aging. 

However, the underlying mechanisms of age-related larger inter-IVSC and inter-IVFC may be distinct. 

The former may indicate the extent to which individuals diverge from age-expected population-

level structural configurations, potentially reflecting heterogeneous trajectories of structural brain 

aging. Such heterogeneity may partly arise from asynchronous and regionally specific 

neurodegenerative changes, including demyelination and axonal degeneration, which unfold at 

different rates across individuals and fiber systems (Groh & Simons, 2025; Huang et al., 2025). 

Age-related greater inter-IVFC likely reflects a mixture of neurobiological heterogeneity and non-

neuronal contributions (e.g., vascular and motion-related factors) (Geerligs et al., 2017; Ma et al., 

2021). These age-related increases in inter-IV may reflect reduced consistency in how large-scale 

network organization is expressed across individuals, potentially indexing greater divergence from 

a shared cross-sectional population-level network architecture in late life. In contrast, no robust 

association was observed between age and intra-IV of connectivity measured across an interval of 

approximately four years, supporting the notion that while cross-sectional individual differences 

may increase with age, within-person longitudinal variability does not necessarily do so (Salthouse, 

2012). 

These dissociable age-related patterns motivate an explicit examination of whether 

individual variability explains how network segregation relates to executive control. 

4.3.2 Mediation Effects of Inter-Individual Variability of Connectivity 

Across networks and modalities, significant mediation effects, when present, consistently pointed 

to an unfavorable role of higher inter-IV of connectivity for executive control—a pathway that held 

irrespective of the specific direction of the association between network segregation and inter-IV of 

connectivity. By explicitly incorporating inter-IV of connectivity within a framework centered on 

group-average network organization, the present analyses extend prior work on age-related 

differences in broader executive functions and large-scale network organization (e.g., Chong et al., 

2019; Matyi et al., 2025; Ng et al., 2016). 

Within cortical systems, the indirect effects through inter-IVSC linking lower network 
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segregation to worse executive control were particularly robust in the SMN, SAN, and FPN 

networks—systems embedded in distributed white-matter circuits that have been associated with 

executive functions, particularly within frontoparietal and salience-related networks (see review in 

Ribeiro et al., 2024). A similar mediation effect involving inter-IVFC was observed in the DMN.  

Reduced structural segregation reflects an altered balance between within- and between-

network connectivity (Chan et al., 2014), likely due to relatively greater declines in within-network 

connections, and is characterized by less distinct modular boundaries. Consistently, we observed 

that lower structural segregation was associated with higher inter-IVSC within these cortical systems, 

suggesting that age-related alterations in white-matter organization may co-occur with increased 

heterogeneity in how structural networks are configured across individuals. In the context of aging, 

greater inter-IVSC may be partly related to heterogeneous white-matter deterioration processes, 

including myelin and axonal changes, which have been associated with poor executive functions 

(Bennett & Madden, 2014; Madden et al., 2009).  

A small number of studies have reported associations between lower white-matter network 

segregation and worse executive functions across different samples (Baum et al., 2017; Matyi et al., 

2025; Rodriguez-Nieto et al., 2025). Findings for functional network segregation have been less 

consistent, with some studies reporting similar associations between functional segregation and 

executive functions and others observing no reliable relationship (Chong et al., 2019; Martin et al., 

2023; Stumme et al., 2020). Although the direct correlation between network segregation and 

executive control was largely absent in the present study (Table 4.2.2), a similar pattern emerged in 

several cortical networks when inter-IV of connectivity was incorporated as a mediator, such that 

lower network segregation was indirectly associated with worse executive control via higher inter-

IV of connectivity. These findings were broadly consistent with the framework of functional 

dedifferentiation, which proposes that aging is associated with reduced specialization and increased 

overlap between large-scale brain systems, and is related to cognitive declines (Chan et al., 2014; 

Koen et al., 2020). However, the indirect effect of inter-IVFC was not robust in the sensitivity 

analyses, suggesting that between-person variability in structural, rather than functional, network 

organization may be more closely linked to executive control in these systems. 

Within the subcortical and cerebellar networks, inter-IVSC and inter-IVFC exhibited 

heterogeneous mediation patterns, which may reflect modality-specific associations between 



Chapter 4: Study 2 

95 

 

network segregation and inter-IV of connectivity. In the subcortical network, lower functional 

segregation was associated with higher inter-IVFC, consistent with interpretations within cortical 

systems. However, higher structural network segregation co-occurred with higher inter-IVSC in the 

subcortical network. As described in Section 4.3.1, higher structural network segregation in the 

subcortical network may be associated with altered cortico–subcortical connectivity during aging, 

which is inherently heterogeneous across individuals (Bennett & Madden, 2014). A similar 

structural–functional reversal relative to the subcortical network was observed in the cerebellar 

network, although the specific coupling directions differed. While recent studies increasingly 

examine large-scale subcortical and cerebellar connectivity using both functional and structural 

metrics (e.g., De Benedictis et al., 2022; Harrison et al., 2021), their network-level segregation—

particularly in the structural domain—and its cognitive relevance remain less well characterized, 

limiting direct comparison with the present findings. These findings suggest that structural and 

functional segregation capture partially distinct aspects of network organization, consistent with 

evidence that structural and functional connectivity are only partly coupled (Honey et al., 2009). 

Accordingly, analyses confined to cortical systems may not fully capture the diversity of large-scale 

network reorganization during healthy aging. 

Importantly, despite system- and modality-specific patterns, a general pattern emerges: 

inter-IV of connectivity consistently mediates the relationship between network segregation and 

executive control in an unfavorable direction. Conceptually, inter-IV captures the extent to which 

individual network configurations deviate from a shared group-common profile (Mueller et al., 

2013). Greater inter-IV of connectivity, therefore, reflects reduced convergence or alignment in 

network organizations across individuals (Smith et al., 2023). In aging, such increased variability 

may arise from heterogeneous trajectories of structural decline and functional reconfiguration, both 

of which may weaken the consistency of network–behavior coupling at the population level. These 

findings highlight inter-IV of connectivity as an important dimension of brain aging that 

complements mean-level changes in connectivity or segregation. Traditional group-average metrics 

characterize how networks are organized on average, but not how consistently that organization is 

expressed across individuals. This interpretation is consistent with recent perspectives emphasizing 

the utility of individualized network approaches in aging research (Perez et al., 2025). 
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4.3.3 Age-Moderated Mediation Effects of Inter-Individual Variability of Connectivity 

Age-moderated mediation analyses indicated that the indirect association between network 

segregation and executive control via inter-IV varied across the sampled age range. 

For structural connectivity, conditional indirect effects were most evident at the mean and 

older-old age levels, particularly within the SAN, FPN, DMN, and subcortical networks. This cross-

sectional pattern suggests that inter-individual heterogeneity in structural connectivity may play a 

greater role in explaining variability in executive control at older ages. One possible interpretation 

is that age-related increases in the dispersion of network organization amplify the behavioral 

relevance of such variability in later life. Consistent with this observation, our results showed greater 

inter-IV at older ages (see Section 4.3.1). Such increased variability may contribute to differences 

in cognitive performance across older adults, as prior work has linked greater connectivity 

variability to stronger brain–behavior associations (Li et al., 2017). Importantly, these findings 

reflect age-related differences in cross-sectional associations rather than evidence of within-person 

change (Salthouse, 2012). 

In functional connectivity, age-moderated indirect effects via inter-IVFC were more 

restricted than those observed for structural connectivity, robust only in the visual network in the 

younger-old (i.e., -1 SD of age) and the subcortical network at the mean age. These network-specific 

and age-related effects provide limited evidence for a generalized mediating role of inter-IVFC in 

linking network segregation to executive control across older adults. The effect observed in the 

visual network, which lies outside core executive control systems (Gratton et al., 2018; Hausman et 

al., 2022), warrants particular caution and may reflect network- and age-specific associations or 

unmodeled methodological variability in functional connectivity estimates (Noble et al., 2019). 

Nevertheless, the association observed in the subcortical network may relate to age-sensitive 

cortico–subcortical circuits that support executive processes through interactions between 

prefrontal cortical regions and subcortical structures, particularly basal ganglia–thalamic loops 

implicated in cognitive control (Halassa & Kastner, 2017; Heyder et al., 2004). Overall, inter-IV in 

functional connectivity appears to play an unstable and context-dependent role in network 

segregation–executive control relationships, in contrast to the more consistent indirect effects 

observed for structural connectivity. Future longitudinal studies will be necessary to determine 

whether these cross-sectional patterns reflect cohort differences or within-person change (Raz & 
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Lindenberger, 2011; Salthouse, 2012). 

4.3.4 The Role of Intra-Individual Differences 

When extending the model to account for intra-individual variability, we found that intra-IV of 

connectivity played a much more limited role than inter-IV. Its associations with executive control 

and network segregation were largely absent, with the only exceptions being network-specific 

effects in functional connectivity. This contrast underscores the importance of distinguishing 

between between-person dispersion and multi-year within-person differences when examining 

network variability in aging. 

In the present study, intra-IV was operationalized as the dissimilarity between baseline and 

approximately four-year follow-up scans, capturing long-term changes rather than short-term 

fluctuations examined in prior work (e.g., Mueller et al., 2013; Sun et al., 2022). Within the visual 

network, higher functional network segregation was indirectly associated with poorer TMT B–A 

performance through its association with lower intra-IVFC. In the age-moderated mediation model, 

this indirect effect in the visual network was observed only in the mean age group. Although direct 

evidence linking multi-year intra-individual variability of functional connectivity to cognition 

remains limited, prior work on short-timescale neural dynamics provides a conceptual backdrop. 

For example, prior work on dynamic reconfiguration of functional connectivity has emphasized that 

learning performance is associated with dynamic changes in modular organization (Bassett et al., 

2011). At a different level of analysis, resting-state BOLD signal variability—quantified at the 

regional time-series level—has also been associated with age and behavioral performance across 

the lifespan (e.g., Garrett, Samanez-Larkin, et al., 2013; Nomi et al., 2017). Importantly, such 

variability follows region-specific lifespan trajectories, with variability in sensory regions, 

including the visual cortex, decreasing with age (Nomi et al., 2017). Although these measures differ 

in temporal scale and operational definition from intra-IVFC, they collectively suggest that adaptive 

cognitive functioning is associated with a balance between neural stability and flexibility. Extending 

this framework to a longitudinal timescale, one possible interpretation is that lower intra-IVFC may 

reflect reduced functional reconfiguration across years, potentially limiting the system’s capacity to 

adjust connectivity patterns over time. Notably, lower intra-IVFC was associated with poorer 

executive control in the present sample, which makes interpretations in terms of beneficial stability 
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less likely; instead, it is more consistent with reduced capacity for functional reconfiguration. 

However, intra-IVFC does not directly index stability or reconfiguration capacity, and the effect was 

restricted to a specific network and age group; thus, this interpretation remains tentative.  

In contrast, intra-IVSC showed minimal associations with executive control. The weak 

effects observed suggest that long-term within-person changes in structural connectivity do not 

substantially mediate the relationship between network segregation and executive control in healthy 

aging. This does not preclude a role for structural intra-individual variability in other contexts, such 

as development, pathology, or periods of rapid plasticity, but indicates that its contribution may be 

limited in the present sample. 

In summary, the present findings suggest that long-term intra-IVFC is associated with 

differences in network-level reconfiguration. Associations with executive control were limited to 

the visual network. In contrast, intra-IVSC showed no robust associations with executive control in 

healthy older adults. Future research should further investigate how variability across different 

timescales and networks relates to cognitive functioning, thereby clarifying its relevance for both 

typical and atypical aging trajectories. 

It should be noted that, although multiple-comparison correction was applied, several 

effects did not remain statistically significant after correction. Accordingly, the present discussion 

emphasizes consistency of patterns across networks, modalities, and models rather than the 

significance of individual effects in isolation. Findings not surviving correction are therefore 

interpreted as provisional and hypothesis-generating. In addition, interpretations of the observed 

triangular relationships should be considered only in light of the covariates (age, sex, and education) 

included in the current models; broader biological and contextual influences are discussed in detail 

in Chapter 6.2. 
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4.4 Conclusions  

This study reveals that inter-individual variability (inter-IV) in brain connectivity plays a critical, 

yet highly specific, mediating role in the relationship between large-scale network segregation and 

executive control in healthy older adults. Inter-IV generally shows an unfavorable mediation role 

for the relationship between network segregation and executive control, which may complicate 

group-level interpretations of the association between brain network architecture and cognition. 

This effect was more robust and consistent across structural connectivity within cortical networks 

(e.g., SMN, FPN), whereas in functional connectivity, it was more dependent on specific systems 

and age groups. In contrast, long-term intra-individual variability showed isolated and unstable 

mediation effects, largely confined to functional connectivity of the visual network. Age-moderated 

mediation effects were observed more consistently in inter-IVSC models and were stronger at higher 

age values, but there was no clear convergence between structural and functional pathways in their 

mediation effects. Overall, these findings suggest that interpretations of network segregation in 

aging should account for individual variability in connectivity, as such variability constitutes an 

integral pathway linking large-scale network organization to executive control. 
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Chapter 5: Lifestyle-Informed Multimodal Brain 

Features for Predicting Cognitive Function 

While the previous chapters examined relationships between lifestyle factors, brain organization, 

and cognitive performance, the present study shifts the focus to a predictive modelling framework. 

As discussed in Chapter 1, cognitive aging is characterized by substantial inter-individual 

heterogeneity, and lifestyle and psychosocial factors may represent one source of such heterogeneity 

(Harada et al., 2013; Smith et al., 2020). From a predictive modelling perspective, this heterogeneity 

poses challenges for approaches that rely solely on neuroimaging features, as they may only partly 

explain individual differences in cognition (e.g., Mattoni, Smith, et al., 2025; Rasero et al., 2021; 

Wu et al., 2021). Non-neuroimaging information, such as behavioral or questionnaire-based 

measures, may also provide additional predictive value. Given that lifestyle and psychosocial 

factors may influence brain structure and function (Chapter 1.2), incorporating lifestyle information 

into the brain feature construction may provide a complementary strategy to better capture lifestyle-

related variation embedded within neuroimaging data, in line with growing interest in multimodal 

approaches to individualized prediction (Sui et al., 2020). It remains unclear whether brain features 

reflecting composite lifestyle patterns—capturing the joint influence of multiple lifestyle 

dimensions (hereafter BF-Lifemulti)—can predict both baseline and follow-up cognitive 

performance in healthy older adults. 

Specifically, we distinguish between brain features linked to individual lifestyle or 

psychosocial measures (BF-Lifesingle) and those reflecting composite lifestyle and psychosocial 

patterns (BF-Lifemulti). BF-Lifesingle models isolate neural correlates associated with a single lifestyle 

or psychosocial measure at a time, whereas BF-Lifemulti models aim to capture shared neural 

signatures emerging from multidimensional lifestyle and psychosocial configurations, without 

explicitly assuming additive or independent contributions. For brevity, the term “lifestyle” is used 

in the following sections of this chapter as a shorthand referring to both lifestyle behaviors and the 

psychosocial measures considered in this study. This information-guided feature construction 

differs from approaches that rely on predefined lifestyle indices or that derive brain features without 

reference to behavioral context. Rather than treating lifestyle variables as predictors or covariates, 



Chapter 5: Study 3 

101 

 

lifestyle information is used to guide feature construction, allowing us to test whether lifestyle-

informed brain patterns are informative for cognitive prediction. 

In addition to comparing BF-Lifemulti with BF-Lifesingle models, we further compare this 

information-guided approach with fully data-driven prediction models. A common example of such 

models is principal component analysis (PCA)-based feature compression, in which high-

dimensional multimodal brain data are reduced to a certain number of orthogonal components 

derived solely from the statistical structure of the imaging data. PCA-based approaches are widely 

used in neuroimaging prediction because they address high dimensionality and multicollinearity 

while remaining agnostic to external phenotypic information (Mwangi et al., 2014). However, PCA 

components reflect distributed mixtures of brain regions, which limits model interpretation under 

certain circumstances (Wani, 2025).  

Together, these comparisons allow us to evaluate whether a model integrating multiple 

lifestyle variables provides predictive value for cognitive outcomes beyond both models based on 

individual lifestyle measures and fully data-driven models. 
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5.1 Methods 

5.1.1 Sample and Data 

Sample 

Following the same initial age criterion of 55 years or older as in Studies 1 and 2, a total of 969 

participants from 1000BRAINS were available for this study (345 were excluded for being younger 

or missing age information). Participants with DemTect scores in the impairment-indicative range 

(<8) or missing values were excluded (n = 23; Kalbe et al., 2004). Of this eligible sample, 859 

participants had available structural MRI, diffusion MRI, and functional rs-fMRI. An additional 79 

participants did not yield usable imaging data and were excluded from further analyses. 

Additionally, participants missing more than three of the 13 cognitive assessments were excluded 

(n = 6), leaving 774 participants (mean age 67.0 ± 6.7 years, 46.1% females). 

Subsample datasets 

Participants were divided into three non-overlapping subsets:  

(i) Main dataset: n = 453 (mean age 67.7 ± 6.6 years, 47.0% females), used for feature 

selection and model training/testing. 

(ii) Holdout1 dataset: n = 211 (mean age 66.3 ± 7.1 years, 47.4% females), used to test 

the model's performance on a completely unseen dataset.  

(iii) Holdout2 dataset: n = 110 (mean age 65.3 ± 6.2 years, 40.0% females), reserved for 

prediction of “future”, i.e., follow-up cognitive performance. 

Specifically, of the 774 participants, 563 had available lifestyle data (mean age 67.3 ± 6.8 

years, 55.6% females). Participants without lifestyle data (n = 211) were assigned to the Holdout1 

dataset. Among the 563 participants with lifestyle data, 252 had available follow-up cognitive 

assessments; from this subgroup, 110 participants (approximately 20%) were randomly assigned to 

the Holdout2 dataset, and the remaining 453 participants (approximately 80%) constituted the main 

dataset to form an independent prediction sample for follow-up cognitive performance while 

preserving sufficient statistical power for feature selection and model training. 

Lifestyle/psychosocial measures 

To provide a more comprehensive assessment of lifestyle and psychosocial factors, four additional 

variables were included in this study, compared with the first study, to capture finer-grained aspects 
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of daily behavior and social engagement. In total, eight lifestyle and psychosocial variables were 

included: pack-years of smoking, alcohol consumption, physical activity, social integration, flights 

of stairs climbed, number of sports activities, number of physical activities, and number of social 

visits. Detailed descriptions of these variables are provided in Chapter 2.2. 

Neuropsychological performance tests 

For this study, we included the same 13 cognitive tests as used in the first study. Executive control 

was assessed using the TMT B/A ratio rather than the TMT B–A score, as the ratio minimizes the 

influence of psychomotor demands and helps control for intrasubject variability (Tsiakiri et al., 2024; 

Waggestad et al., 2023). In the analytic sample (N = 774), a small proportion of cognitive scores 

remained missing (<3% of observations) and was imputed using the median score from the four 

participants closest in age to the individual (two younger and two older neighbors) (Beretta & 

Santaniello, 2016). 

In addition to these domain-specific analyses, we included a global cognitive component 

score as an additional target to assess whether the predictive performance of the BF-Lifemulti model 

generalizes beyond specific cognitive domains. This global score was directly adopted from prior 

1000BRAINS studies (Jockwitz et al., 2024; Kramer et al., 2024; Kramer et al., 2023), which used 

overlapping cognitive measures to capture shared variance across domains and construct a 

comprehensive global component. Incorporating this established score enabled direct comparison 

with previous work and provided a reference point for evaluating the specificity of BF-Lifemulti 

predictions.  

MRI brain data 

In this study, we applied three MRI modalities: structural MRI, diffusion MRI (dMRI), and resting-

state fMRI (rsfMRI). Detailed information on data acquisition and preprocessing is provided in 

Chapters 2.3 and 2.4.1–2.4.3. 

5.1.2 Brain Features 

Across all modalities, a total of 1,936 whole-brain features were included as candidate predictors. 

Structural MRI features 

For structural MRI, we extracted gray matter volume, cortical thickness, and surface area for 400 

regions (3 × 400 features) using the Schaefer 400 parcellation scheme (Schaefer et al., 2018; see 
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also Chapter 2.4.1). 

Diffusion MRI features 

We used the ICBM-DTI-81 white matter label atlas (Mori et al., 2008), which comprises 48 tracts. 

All metrics derived from both DTI and NODDI were first transformed into MNI space using ANTs. 

A region-of-interest (ROI) mask was created for each white matter region encompassing part of a 

fiber tract. Within each ROI, we computed and extracted the average values of FA, MD, RD, AD, 

ICVF, and ODI for each participant. These tract-wise DTI and NODDI metrics (6 metrics × 48 

tracts) were then used as input features for subsequent analyses. 

Functional graph theoretical parameters 

Functional graph-theoretical parameters were computed as described in Study 2 (Chapter 4.1.2). In 

short, we used the same parcellation scheme (421 regions: 400 cortical, 14 subcortical, and 7 

cerebellar) and network assignment (nine networks, with the cerebellar regions treated as a separate 

network) and preprocessing workflow, including Fisher‑z transformation and absolute value 

conversion of connectivity matrices. 

Graph-theoretical metrics (i.e., within- and between-network connectivity and network 

segregation) were computed following the definitions described in Study 2. The present analysis 

additionally included node-wise functional network segregation scores. In total, 421 node-wise 

functional segregation values and 27 network-wise metrics (9 networks × 3 metrics) were extracted. 

.
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5.1.3 Development of the BF-Lifemulti Model 

A schematic overview of the machine learning workflow is provided in Figure 5.1.1. 

Figure 5.1.1 Overview of the workflow. Samples were split into a main dataset and two 

independent holdout sets, with 13 cognitive tests as prediction targets. From 1,936 brain features, 

feature extraction or dimensionality reduction was applied to construct machine-learning models. 

The primary analysis used an information-guided model based on optimal lifestyle clustering and 

derived multiple lifestyle-informed brain features (BF-Lifemulti), while comparison models included 

single lifestyle-informed brain features (BF-Lifesingle) and fully data-driven principal component 

analysis (PCA)-based features. Models were trained using five repeats of nested cross-validation 

and evaluated using median coefficient of determination and mean absolute error. SHAP analysis 

was used for model interpretation. 

Lifestyle clustering 

To derive lifestyle-informed behavioral patterns and the corresponding brain features, participants 

were grouped into lifestyle-defined subgroups using a chosen set of eight lifestyle/psychosocial 

variables. Because these variables were originally continuous and prone to extreme values, they 

were transformed into ordinal categories to improve the robustness and stability of the clustering 

procedure: 

(i) Pack-years of smoking (SMO): Smoking behavior was defined using self-reported 

number of smoked cigarettes per day (CigperDay) across three assessment points and was 

coded as never smoker (CigperDay = 0 at all assessments), former smoker (CigperDay = 

0 at the final assessment but > 0 previously), or current smoker (CigperDay > 0 at the 

final assessment).  



Chapter 5: Study 3 

106 

 

(ii) Alcohol consumption (ALC): It was classified into four groups based on self-reported 

daily intake (alc_gpday) and the consumption of spirits: never drinkers (alc_gpday = 0 at 

all time points), former drinkers (alc_gpday = 0 at the last measurement but > 0 earlier), 

current non-spirit drinkers (alc_gpday > 0 with no spirits consumption), and current spirit 

drinkers (alc_gpday > 0 with spirits consumption). 

(iii) Physical activity (PA): It was quantified using metabolic equivalent of task (METs) scores, 

divided into quartiles, and reverse-coded from 3 (highest risk) to 0 (lowest risk) as follows: 

3 = <25th percentile, 2 = 25th–50th percentile, 1 = 50th–75th percentile, 0 = ≥75th 

percentile. 

(iv) Social integration (SI): It was divided into four groups again using the quartiles approach. 

Additionally, the same quartile-based approach was applied to flights of stairs climbed, 

counts of physical/sporty activities, and counts of visits. All variables were coded such that higher 

values indicated greater lifestyle-related health risks, for example, heavier smoking, higher alcohol 

intake, lower physical activity, or less social engagement. 

Clustering was performed on the resulting categorical lifestyle dataset using the k-modes 

algorithm (version 0.12.2; Cao et al., 2009; Huang, 1998), which is specifically designed for 

categorical data and identifies clusters by minimizing Hamming distance between individual 

profiles and cluster modes. To reduce sensitivity to initialization, 1,000 random sets of initial 

centroids were evaluated, with cluster membership and modes iteratively updated until convergence 

or a maximum of 300 iterations was reached. 

The optimal number of clusters (k) was determined by jointly considering quantitative 

cluster validity indices and substantive interpretability. Four evaluation metrics were used: the ratio 

of within- to between-cluster standard deviation (SW/SB), R-squared, the Silhouette coefficient 

(Rousseeuw, 1987), and the Davies–Bouldin Index (DBI) (Davies & Bouldin, 1979). Lower SW/SB 

and DBI values and higher R-squared and Silhouette scores were taken to indicate better clustering 

quality (Goh et al., 2024; Sofyan et al., 2021). Solutions with k ranging from 2 to 10 were examined. 

Because these indices tend to favor solutions with fewer clusters, the final selection of k was guided 

not only by statistical performance but also by biological and behavioral interpretability, in line with 

recommendations for clustering in applied research (Hennig, 2015).
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Feature selection 

Feature selection for constructing the BF-Lifemulti model was based on a systematic comparison of 

all 1,936 brain measures across the five lifestyle-defined subgroups. Univariate analyses of 

covariance (ANCOVAs) were performed for each brain feature while controlling for age, sex, 

education, and, in the case of morphometric indices, estimated total intracranial volume. Brain 

features showing significant differences between any pair of lifestyle subgroups were retained. 

Statistical significance was determined using a threshold of p < .05, followed by Bonferroni-

adjusted post hoc comparisons (q < .05). When assumptions of homogeneity of variance were not 

met, the nonparametric Quade ANCOVA (Rae, 1985) was employed to ensure appropriate 

inference under violations of variance homogeneity. 

This feature identification step was designed to select brain measures that differ across 

lifestyle-defined subgroups, rather than to test brain–lifestyle associations for statistical inference. 

Lifestyle information was therefore used only to define subgroups and identify candidate brain 

features, while cognitive outcomes were not involved at any stage of feature selection. 

Because the purpose of this step was to construct a feature set for subsequent predictive 

modeling, no additional correction across the full set of neuroimaging variables was applied. Instead, 

all selected features were entered into the machine learning framework, where their utility was 

evaluated through nested cross-validation and independent holdout testing. Under this design, 

predictive performance reflects whether brain features carrying lifestyle-informed differences 

provide information relevant to cognitive function, rather than their univariate statistical 

significance alone. 

Model setup 

To estimate cognitive performance in older adults, a predictive model (BF-Lifemulti) was constructed 

using brain features that differentiated the lifestyle-defined subgroups (see above). Five machine 

learning algorithms were implemented to assess model robustness and algorithmic variability: 

elastic net regression (ENR), ridge regression (Ridge), support vector regression with a radial basis 

function kernel (SVRrbf), relevance vector regression with a linear kernel (RVRlin), and least 

absolute shrinkage and selection operator (LASSO) regression (hereafter Lasso). Model 

development followed a nested cross-validation design, consisting of an outer loop with 10–fold 

cross-validation repeated five times to generate training and test datasets, and an inner 10–fold 
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cross-validation for hyperparameter tuning. For all algorithms, hyperparameters were optimized 

using predefined grid searches: 

(i) ENR: alpha was sampled across eight logarithmic steps from 10⁻⁴ to 10³, the L1 ratio 

varied from 0.1 to 0.9 in increments of 0.1, and maximum iterations were set to 1,000 to 

ensure convergence.  

(ii) Ridge: alpha was sampled across the same logarithmic range (10⁻⁴ to 10³), with the 

default solver selected automatically by the implementation, and a maximum of 1,000 

iterations.  

(iii) SVRrbf: the regularization parameter (C) was sampled across seven logarithmically 

spaced values between 10⁻3 and 103, and gamma was set to either scale or auto.  

(iv) Lasso: alpha values were sampled logarithmically from 10⁻¹ to 10⁵ using ten steps, 

with a maximum of 3,000 iterations. 

(v) RVRlin: the precision parameters (alpha and beta) were tuned across values of 10⁻⁶, 

1, and 10³, with a maximum of 1,000 iterations. 

All features were standardized to a mean of zero and unit variance prior to model fitting. 

To mitigate overfitting and prevent information leakage, model performance was further evaluated 

on two independent holdout datasets. Holdout1 provided baseline cognitive measures, whereas 

Holdout2 included both baseline and follow-up assessments; in both cases, predictions relied 

exclusively on baseline MRI data. Although lifestyle information was not available for the Holdout1 

sample, the full set of neuroimaging features was present, enabling the application of the trained 

models to estimate cognitive function at baseline. 

Model evaluation 

Model performance was assessed using the coefficient of determination (R²) and the mean absolute 

error (MAE), where R² quantified the proportion of the variance in cognitive scores explained by 

the model. MAE provided a robust measure of average prediction error with intuitive interpretability, 

expressed in the same units as the cognitive scores (e.g., a MAE of 2 indicates an average prediction 

error of approximately two points) (Hodson, 2022). 

Among the five algorithms evaluated, one was subsequently selected and fixed based on 

predictive performance, as quantified by R² and MAE, and all remaining models were constructed 

using the same algorithm (see Chapters 5.1.5 and 5.1.6). 
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Feature importance was evaluated using SHAP (SHapley Additive exPlanations; Lundberg 

& Lee, 2017) which estimates the contribution of individual predictors to model output. SHAP 

analyses were restricted to the optimal BF-Lifemulti model applied to a single independent holdout 

dataset, selected to provide stable out-of-sample predictions and to avoid overinterpretation across 

multiple test sets. Linear explainers were employed for ENR, Ridge, and LASSO, while kernel 

explainers were used for RVRlin and SVRrbf. For each feature, importance was quantified as the 

mean absolute SHAP value averaged over 50 cross-validation iterations (5 repeats × 10 folds). 

For region-wise features, labels incorporated the functional network (e.g., SAN), the 

specific Schaefer parcellation region (e.g., FrOperIns_2), and the corresponding cytoarchitectonic 

area from the Juelich atlas (e.g., Id6; GapMap regions were omitted), enabling precise anatomical 

localization. To facilitate interpretation, given the high dimensionality of voxel- and region-level 

features, SHAP values were further aggregated into biologically meaningful categories (e.g., gray 

matter volume in the visual network, fractional anisotropy in association fiber tracts) according to 

established atlases or tractography references. Category-level importance was obtained by summing 

the SHAP values within each category and ranking them. All analyses were performed in Python 

(v3.10.9) using scikit-learn (v1.1.2). 

5.1.4 Competitive Models for Comparison 

Comparison with BF-Lifesingle models 

To evaluate whether combining multiple lifestyle-informed brain features enhances cognitive 

prediction, the BF-Lifemulti model was compared with four BF-Lifesingle models, each derived from 

a single lifestyle or psychosocial measure (SMO, ALC, PA, and SI).  

For each BF-Lifesingle model, participants were grouped according to the categories defined 

for the corresponding measure (see Chapter 5.1.3). Feature selection was performed exclusively 

within the main dataset, following the same principles applied to the BF-Lifemulti model. Using the 

same ANCOVA framework, brain features associated with each measure were identified while 

adjusting for age, sex, education, estimated total intracranial volume (for morphometric measures), 

and the remaining three lifestyle/psychosocial measures. As in the BF-Lifemulti framework, 

cognitive outcomes were not involved in feature selection.  

These identified features served as inputs for separate machine learning models. SHAP 

analyses were conducted for all BF-Lifesingle models using the same procedures as for the BF-
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Lifemulti model, ensuring consistent interpretation of feature importance. 

Comparison with fully data-driven models 

To evaluate the performance of the information-guided BF-Lifemulti model relative to the fully data-

driven approaches, a set of models was developed using principal component analysis (PCA) to 

reduce dimensionality across all 1,936 brain features. PCA was applied either to the main dataset or 

solely to the training set, allowing assessment of potential information leakage and the robustness 

of data-driven dimensionality reduction. For each of these two settings, the number of components 

was determined using one of two strategies: (a) selecting components that cumulatively explained 

80% of the total variance, and (b) selecting a number of components equal to the total features used 

in the BF-Lifemulti model. Combining these two PCA settings with the two component-selection 

strategies yielded four models: BF-PCAVar, BF-PCAVar(Train), BF-PCAMatch, and BF-

PCAMatch(Train). This allowed assessment of how the number of components influenced 

predictive performance (see Figure 5.1.1). 

All other modeling parameters, including algorithm selection and hyperparameter settings, 

were kept identical to those applied in the BF-Lifemulti model. Analyses focused on the algorithms 

and cognitive targets that demonstrated the highest predictive performance in the BF-Lifemulti 

framework, ensuring a fair comparison between information-guided and fully data-driven 

approaches. 

5.1.5 Statistical and Supplementary Analyses 

Statistical analyses 

Descriptive statistics for the full sample, the main dataset, and the two holdout datasets are 

summarized in Tables 5.2.1 and 5.2.2. Comparisons between the main and holdout datasets were 

performed to assess their comparability in terms of demographic, lifestyle, and cognitive variables 

(Table 5.2.1). For normally distributed variables, one-way analyses of variance (ANOVA) were 

applied; sex differences were assessed using Chi-square tests, and non-normally distributed lifestyle 

variables were compared using Mann–Whitney U tests. 

Differences among the lifestyle-defined subgroups identified in the main dataset were 

examined with respect to sex, demographic, lifestyle, and cognitive variables. Parametric 

ANCOVAs were used for normally distributed data, whereas nonparametric Quade ANCOVAs were 

applied when normality assumptions were violated. 
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To specifically assess the added predictive value of integrating multiple lifestyle-informed 

brain features, cross-validated predictive performance (R²) of the BF-Lifemulti model was compared 

with that of the four BF-Lifesingle models using ANOVA, followed by Bonferroni-corrected post hoc 

tests (p < .05; adjusted q < .05). 

All statistical analyses were conducted using IBM SPSS Statistics version 29.0. 

Supplementary Analyses 

1. Role of adding non-brain data for model performance 

To investigate the additional predictive value of non-brain factors, the BF-Lifemulti model was 

extended in two steps. First, demographic variables (i.e., age, sex, education) were added to the 

original brain feature set, resulting in the BF-Lifemulti + dem model. Second, the eight original 

continuous lifestyle variables were incorporated alongside demographic and brain features, yielding 

the BF-Lifemulti + dem + life model.  

Although these lifestyle variables had previously been transformed into categorical forms 

for clustering, they were not involved in the selection of brain features. In the extended models, 

lifestyle variables were treated solely as independent predictors, ensuring that their inclusion did 

not introduce circularity into the analysis. 

All extended models were trained and evaluated using the same nested cross-validation and 

holdout procedures as the original BF-Lifemulti model, allowing direct comparison of predictive 

performance. 

2. Alternative lifestyle clustering 

To examine the robustness of the BF-Lifemulti framework with respect to different lifestyle subgroup 

definitions, alternative clustering solutions were evaluated. K-modes clustering was repeated for 

different values of k, excluding the optimal k identified in the primary analysis. Solutions with k ≥ 

6 were not considered due to excessive model complexity, reflected by small and unstable clusters 

that reduced interpretability and model robustness. 

For each alternative k, lifestyle-informed brain features were identified using the same 

ANCOVA-based procedure as in the primary analysis and subsequently entered into machine 

learning models using identical hyperparameter settings. 

3. Prediction of the global cognitive component 

To determine whether the predictive performance of the BF-Lifemulti model generalizes beyond 
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specific cognitive domains to overall cognitive function, a global cognitive component score was 

included as an additional outcome variable. Five participants lacking a global cognitive score were 

excluded, resulting in a sample of 769 individuals (mean age = 67.0 ± 6.7 years; 355 females), 

distributed across the main set (n = 449) and the two holdout datasets (Holdout1: n = 211; Holdout2: 

n = 109). 

The models described above (14 models) were applied to predict the global cognitive 

component. This analysis assessed whether integrating multiple lifestyle-informed brain features 

added predictive value for overall cognition beyond domain-specific performance. 

4. Comparison with target-dependent data-driven feature selection approaches 

To evaluate whether the BF-Lifemulti framework provided advantages over commonly used target-

dependent, data-driven feature selection approaches (e.g., Kamalov et al., 2025), additional models 

were constructed using data-driven feature selection applied to the full set of brain features. In 

contrast to PCA-based models, which rely on unsupervised dimensionality reduction, these 

approaches selected features based solely on their association with cognitive outcomes. Four feature 

selection methods were implemented: mutual information regression, f-regression, ridge regression, 

and a hybrid filter–wrapper approach (Kraskov et al., 2004; Ross, 2014).  

For each method, features were selected either by retaining the top 10% of variables or by 

matching the number of features used in the main BF-Lifemulti model. All feature selection 

approaches were conducted exclusively within the training data of each cross-validation fold to 

prevent information leakage. All procedures were implemented in Python using the mlxtend package 

(Raschka, 2018). A complete overview of all evaluated models is provided in Table 5.1.1. 
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Table 5.1.1 Summary of machine learning models set up in this study. 

Models 
Feature 

count 
Design Description of feature selection 

Main model and competitive models 

BF-Lifemulti models 

Information-guided 

Step1: clustering lifestyle subgroups using eight categorical lifestyle variables as input in the main set. 

Step2: performing univariate analyses of 1,936 brain features to identify intergroup differences among five identified lifestyle 

subgroups (main set). 
k = 5 97 

BF-Lifesingle models 

Performing univariate analyses of 1,936 brain features separately for each lifestyle factor to identify intergroup differences among 

behavioral subgroups (main set). 

SMO 117 

ALC 54 

PA 80 

SI 81 

Fully data-driven (reduction) models 

Data-driven (unsupervised) 

feature reduction 

 

BF-PCAVar 166-167 Applying PCA to all 1,936 brain measures, with component number set either to explain 80% variance or to match the BF-Lifemulti 

feature size (main set). BF-PCAMatch 97 

BF-PCAVar(Train) 155-156 Applying PCA to all 1,936 brain measures, with component number set either to explain 80% variance or to match the BF-Lifemulti 

feature size (training set). BF-PCAMatch(Train)  97 

Supplementary analyses 

BF-Lifemulti models (alternative lifestyle clustering) 

k = 2 151 

Information-guided 

/ 

k = 3 102 / 

k = 4 42 / 

Incorporating non-brain data 

mixed 

 

BF-Lifemulti +dem: k = 5 100 / 

BF-Lifemulti +dem+life: k = 5 108 / 

Data-driven feature selection approaches 

Data-driven, target-dependent 

(supervised) feature selection 

 

BF-MIunmatch 193 Mutual information regression: ranking features by their information with the target and selecting either the top 10% (unmatch) or 

top 5% (match) (training set). BF-MImatch 96 

BF-f_regressionunmatch 193 f_regression: ranking features by their F-test scores from univariate regressions with the target variable and retaining either the top 

10% (unmatch) or top 5% (match) (training set). BF-f_regressionmatch 96 

BF-ridgeunmatch 193 Ridge regression: ranking features by the magnitude of ridge-regularized coefficients and choosing either the top 10% (unmatch) or 

top 5% (match) (training set). BF-ridgematch 96 

BF-hybridunmatch 193 Hybrid filter–wrapper approach: first filtering the top 50% of features using f_regression, then using a sequential forward floating 

selection with ridge regression to select either the top 193 features (unmatch) or the top 96 features (match) based on their rankings 

(training set). 
BF-hybridmatch 96 
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Abbreviations: BF-Lifemulti, multiple lifestyle-informed brain features; k, cluster number; BF-Lifesingle, single lifestyle-informed brain features; SMO/ALC/PA/SI, smoking- / alcohol consumption- 

/physical activity- / social integration-informed features; PCA, principal component analysis; BF-PCAVar / PCAVar(Train), PCA brain features from the main /training set, components explaining 

80% variance; BF-PCAMatch / PCAMatch(Train), PCA brain features from the main /training set, components matched to the main BF-Lifemulti model 
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5.2 Results 

5.2.1 Demographic and Neuropsychological Measurements 

Descriptive characteristics of the whole sample (N = 774; mean age = 67.0 ± 6.7 years) and the 

three sub-sample sets are summarized in Table 5.2.1. The three sub-sample sets did not differ in 

lifestyle factors. Significant differences, however, were observed in education level and several 

cognitive domains, including figural memory, verbal working memory, semantic switching, 

visuospatial working memory, and episodic memory. Table 5.2.2 lists the baseline and follow-up  

Table 5.2.1 Basic information and baseline neuropsychological scores of participants. 

 Mean (SD) Statistic 

 Whole sample 

(N = 774) 

Main set 

(n = 453) 

Holdout1 

(n = 211) 

Holdout2 

(n = 110) 

ᵡ2/t/F-

value 
p-value 

Demographic variables 

Age a 67.0 (6.7) 67.7 (6.6) 66.3 (7.1) 65.3 (6.2) 7.020 < .001 

Sex b 
female, n= 357 

(46.1%) 
female, n= 213 

(47.0%) 
female, n= 100 

(47.4%) 
female, n= 44 

(40.0%) 
1.943 .378 

Education a 6.48 (1.96) 6.32 (1.94) 6.71 (1.96) 6.72 (1.96) 3.807 .023 

Lifestyle variables 

Packyears c / 13.7 (20.64) / 13.84 (20.43) -0.832 .406 

Alcohol c  / 10.57 (18.01) / 11.47 (18.47) -0.649 .516 

Physical activity c / 45.44 (53.77) / 44.77 (41.24) -0.961 .336 

Stairs c / 6.04 (8.03) / 7.28 (11.14) -1.846 .065 

Social integration c / 12.82 (6.09) / 13.77 (7.13) -1.299 .194 

Visit_count c / 6.10 (4.31) / 6.76 (5.13) -1.062 .288 

Sporty_count c / 2.53 (1.4) / 2.48 (1.21) -0.111 .911 

Physical_count c / 0.12 (0.42) / 0.11 (0.37) -0.005 .996 

Cognitive variable 

Cognitive status a 14.82 (2.43) 14.76 (2.38) 14.89 (2.53) 14.93 (2.47) 0.326 .722 

Language 
comprehension a 

30.93 (4.93) 30.79 (5.14) 310 (4.93) 31.36 (4.02) 0.633 .531 

Nomination a 14.51 (0.84) 14.51 (0.8) 14.46 (0.99) 14.59 (0.69) 0.814 .444 

Figural memory a 8.72 (4.23) 8.17 (4.18) 9.26 (4.42) 9.94 (3.70) 10.35 <.001 

Verbal WM a 4.70 (1.10) 4.64 (1.09) 4.86 (1.19) 4.65 (0.93) 3.088 .046 

Phonemic fluency a 18.66 (6.01) 19.00 (6.12) 17.98 (5.59) 18.58 (6.26) 2.066 .127 

Phonemic switch a 18.90 (5.96) 18.67 (5.88) 19.3 (6.12) 19.05 (5.99) 0.833 .435 

Semantic fluency a 23.60 (6.74) 23.25 (6.62) 24.36 (6.78) 23.61 (7.06) 1.978 .139 

Semantic switch a 19.86 (4.57) 19.47 (4.69) 20.7 (4.20) 19.86 (4.57) 5.281 .005 

Visuospatial WM a 4.70 (1.05) 4.61 (1.06) 4.82 (1.01) 4.78 (1.10) 3.258 .039 

Episodic memory a 60.76 (11.63) 59.86 (11.49) 61.8 (11.66) 62.49 (11.90) 3.431 .033 

Long-term memory a 10.74 (2.63) 10.67 (2.62) 10.76 (2.55) 10.95 (2.80) 0.498 .608 

Executive control a 2.40 (0.88) 2.46 (0.96) 2.30 (0.75) 2.38 (0.74) 2.375 .094 

Note: Values are shown as mean (SD). Significant group differences are indicated in bold. Abbreviations: Packyears, 

packyears of smoking; Alcohol, alcohol consumption; Physical activity, measured by metabolic equivalent of the 

task; Stairs, flights of stairs climbed; Visit_count, count of visits from children, relatives, and friends; Sporty_count, 

count of sporty activities; Physical_count, count of physical activities 
a Univariate Analysis of Variance 
b Pearson Chi-Square 
c Mann-Whitney U 
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neuropsychological scores of participants in Holdout2.

Table 5.2.2 Baseline and follow-up neuropsychological scores of participants in Holdout2. 

 Holdout2 (n = 110) Statistic 

 Baseline Follow-up t-value p-value 

Age 65.3 (6.2) 69.35 (6.0) -58.373 <.001 

Cognitive status 14.93 (2.47) 14.95 (2.43) -0.126 0.900 

Language comprehension 31.36 (4.02) 31.18 (3.91) 0.687 0.494 

Nomination 14.59 (0.69) 14.5 (0.85) 1.234 0.220 

Figural memory 9.94 (3.70) 9.96 (3.86) -0.091 0.928 

Verbal WM 4.65 (0.93) 4.61 (1.06) 0.360 0.720 

Phonemic fluency 18.58 (6.26) 18.86 (6.50) -0.364 0.717 

Phonemic switch 19.05 (5.99) 18.5 (5.80) 0.700 0.486 

Semantic fluency 23.61 (7.06) 24.15 (7.42) -0.532 0.596 

Semantic switch 19.86 (4.57) 20.33 (4.73) -0.760 0.449 

Visuospatial WM 4.78 (1.10) 4.71 (1.10) 0.619 0.537 

Episodic memory 62.49 (11.90) 68.99 (10.26) -5.224 <.001 

Long-term memory 10.95 (2.80) 12.03 (2.39) -4.811 <.001 

Executive control 2.38 (0.74) 2.38 (0.76) -0.061 0.952 

Note: The mean value and standard deviation are represented as mean (SD). The statistical analysis employed a 

paired-samples t-test. Significant group differences are indicated in bold. Abbreviations: WM, working 

memory 
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5.2.2 Lifestyle Subgroups and Lifestyle-Informed Brain Features 

Cluster evaluation (k = 2–10) showed that both k = 2 and k = 5 achieved similar clustering 

performance (see Table 5.2.3). The five-cluster solution was selected for the main analysis because 

it captured greater heterogeneity in lifestyle patterns; the predicted results of the other solutions are 

also provided.  

Figure 5.2.1 summarizes the brain, cognitive, and lifestyle characteristics of the five 

lifestyle subgroups. Lifestyle subgroups differed in figural and episodic memory, with subgroup 1 

showing the lowest episodic memory, subgroup 3 the lowest figural memory, and subgroup 2 the 

highest scores. Lifestyle variables (pack-years of smoking, physical activity, social integration) 

varied significantly, with subgroup 1 presenting the least healthy lifestyle profile. 

Feature selection identified 97 MRI measures that differed across at least one pair of 

subgroups (Figure 5.2.2). These features comprised gray matter morphometry (GMV, CT, SA), 

functional network segregation, and microstructural indices (e.g., ICVF). Most gray matter features 

were located in the visual (VIN) and default mode (DMN) networks, followed by salience/ventral 

attention (SAN), dorsal attention (DAN), and somatomotor (SMN) networks. White matter 

differences mainly involved association fibers (e.g., cingulum bundle) and projection fibers (e.g., 

Table 5.2.3 Optimal k value in K-Modes clustering. 

Number of  

clusters (k) 
SW/SB Ratio R-Squared Silhouette Score 

Davies-Bouldin 

Index (DBI)  

2 0.029 0.972 0.111  2.438  

3 0.038 0.963 0.107  4.682  

4 0.037 0.964 0.105  3.577  

5 0.035 0.967 0.107  3.117 

6 0.038 0.964 0.090  3.065 

7 0.040 0.962 0.090 3.259  

8 0.045 0.957 0.089  3.641  

9 0.046 0.956 0.091 3.303  

10 0.046 0.956 0.094 3.462  

Note: A lower SW/SB ratio and DBI score indicate better clustering performance, while higher R-squared and 

Silhouette scores suggest better cluster separation. Bold indicates the optimal solution; italics indicate the 

suboptimal solution. Although k = 2 yields the best performance across all metrics, we selected k = 5 as the 

optimal number of clusters. This choice balances clustering quality and interpretability by providing finer 

subgroup differentiation, while still maintaining moderate SW/SB and R-squared values and relatively low DBI. 

Abbreviations: SW, standard deviation of the group; SB, standard deviation between groups 
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corona radiata). These features served as input to the BF-Lifemulti model.  

Figure 5.2.1 Characterization of the five lifestyle subgroups identified by clustering. Top: 

Variables were averaged within subgroups, normalized, and visualized as the colors ranging from 

purple (high) to blue (low). Bottom: Brief profiles of the five subgroups. Only variables with 

significant subgroup differences are shown. Abbreviations: GMV, gray matter volume; CT, cortical 

thickness; SA, surface area; FC, functional connectivity; net FC, network-wise FC metrics; node FC, 

node-wise functional segregation; FA, fractional anisotropy; RD, radial diffusivity; ICVF, intracellular 

volume fraction; ODI, orientation dispersion index; Stairs, flights of stairs; Visit_count, visits from 

children/relatives/friends; Sporty/physical_count, count of sporty/physical activities  
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Figure 5.2.2 Frequency of each feature category in the BF-Lifemulti and BF-Lifesingle models. 

Bubble color intensity and size correspond to feature frequency, with darker and larger bubbles 

indicating higher frequencies. Abbreviations: k, cluster number; BF-Lifemulti, multiple lifestyle-

informed brain features; BF-Lifesingle, single lifestyle-informed brain features; SMO/ALC/PA/SI, 

smoking-/alcohol-/physical activity-/social integration-informed brain features; GMV, gray matter 

volume; CT, cortical thickness; SA, surface area; FC, functional connectivity; net FC, network-wise 
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FC metrics; node FC, node-wise functional segregation; FA, fractional anisotropy; MD, mean 

diffusivity; AD, axial diffusivity; RD, radial diffusivity; ICVF, intracellular volume fraction; ODI, 

orientation dispersion index; Asso /Proj /BS /Comm, association /projection /brainstem 

/commissural fiber tract; VIN, visual network; SMN, somatomotor network; DAN, dorsal attention 

network; SAN, salience/ventral attention network; LIN, limbic network; FPN, frontoparietal control 

network; DMN, default mode network; Sub, subcortical network; Cereb, cerebellar network
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5.2.3 Predictive Performance and Model Comparisons 

Figure 5.2.3 Overview of predictive performance of the BF-Lifemulti model (k=5) across 

cognitive outcomes. (A) Mean R² scores across five algorithms for each cognitive target, shown 

in descending order. (B) Mean R² scores of individual algorithms for the same 13 targets, displayed 

in the same order. Abbreviations: BF-Lifemulti, multiple lifestyle-informed brain features; k, cluster 

number; WM, working memory; ENR, elastic net regression; Ridge, ridge regression; SVRrbf, 

support vector regression with RBF kernel; Lasso, least absolute shrinkage and selection operator 

regression; RVRlin, relevance vector regression with linear kernel 

Figure 5.2.3 displays an overview of the predictive performance of the BF-Lifemulti model (k = 5) 

across cognitive outcomes, which was obtained by summarizing mean R² values across algorithms 

in the test set. Only figural and episodic memory demonstrated above-zero predictive performance 

across algorithms (mean R² = 0.083 and 0.031, respectively). Long-term memory showed negligible 

predictive power (mean R² = 0.002). In contrast, the remaining ten cognitive test scores exhibited  

negative mean R² values, indicating no reliable predictive performance, and were therefore not 

considered further. 
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Figure 5.2.4 Performance of predictive models in predicting figural (A), episodic (B) and long-

term memory (C). The first column shows the performance of the five algorithms. The second 

column compares the BF-Lifemulti model with four BF-Lifesingle models using the elastic net 

regression (ENR) algorithm, with red dashed lines indicating higher R² for BF-Lifemulti and blue 

dashed lines indicating higher R² for the comparator. The third column compares BF-Lifemulti with 

four fully data-driven models. A light gray dashed line marks R² = 0.10 as a reference. Abbreviations: 

BF-Lifemulti, multiple lifestyle-informed brain features; k, cluster number; BF-Lifesingle, single lifestyle-

informed brain features; SMO/ALC/PA/SI, smoking-/alcohol-/physical activity-/social integration-

informed brain features; PCA, Principal component analysis; BF-PCAVar / PCAVar(Train), PCA 

brain features from the train set, components explaining 80% variance; BF-PCAMatch / 

PCAMatch(Train), PCA brain features from the train set, components matched to the BF-Lifemulti 

model; +dem, includes demographic data 
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Figural memory 

The BF-Lifemulti model showed the strongest predictive performance for figural memory across 

datasets. In the test set, the model explained up to 13% of the variance, with the ENR algorithm 

achieving the highest performance (median R² = 0.13, panel A in Figure 5.2.4; see Table 5.2.4 for 

median MAE value). Using ENR, the BF-Lifemulti model significantly outperformed the ALC model 

(median R² = 0.07, p < 0.05; Table 5.2.5) and performed comparably to the SMO, PA, and SI 

models (median R² = 0.08–0.10). Relative to the fully data-driven models BF-PCAVar and BF-

PCAMatch, BF-Lifemulti showed slightly higher performance (median R ²  = 0.07 – 0.08) and 

performed comparably to BF-PCAVar(Train) and BF-PCAMatch(Train) (median R² = 0.13). 

In Holdout1, BF-Lifemulti maintained comparable performance, explaining up to 12% of the 

variance (ENR: median R² = 0.12; Table 5.2.4). Using ENR, it significantly outperformed all four 

BF-Lifesingle models (all p < .001; Table 5.2.5). It also surpassed BF-PCAVar and BF-PCAMatch 

(both median R² = 0.04) and slightly outperformed BF-PCAVar(Train) and BF-PCAMatch(Train) 

(median R² = 0.10). 

In contrast, Holdout2 revealed a failure to generalize, with negative median R² values 

across all algorithms at both baseline and follow-up, and similarly, poor performance was observed 

in all comparison models (Tables 5.2.4 and 5.2.5). 

Episodic memory 

BF-Lifemulti showed modest predictive performance for episodic memory across datasets. In the test 

set, the model explained up to 6% of the variance, with the ENR algorithm achieving a median R² 

= 0.04 (panel B in Figure 5.2.4; Table 5.2.4). Using ENR, BF-Lifemulti performed comparably to 

BF-Lifesingle models (median R² = 0.04–0.07, p > 0.05), but underperformed relative to all fully 

data-driven models (median R² = 0.06–0.10; Table 5.2.5). 

In Holdout1, predictive performance slightly improved, explaining up to 8% of the variance 

(ENR: median R² = 0.07; Table 5.2.4). Using ENR, BF-Lifemulti outperformed the SMO model (p 

< .001) while performing comparably to the ALC, PA, and SI models (median R² = 0.07–0.08). Its 

performance was similar to BF-PCAVar and BF-PCAMatch (median R² = 0.08) but slightly lower 

than BF-PCAVar(Train) and BF-PCAMatch(Train) (median R² = 0.09–0.10; Table 5.2.5). 

In Holdout2, none of the models, including BF-Lifemulti, achieved meaningful prediction at 

baseline or follow-up (Table 5.2.5). 
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Long-term memory 

BF-Lifemulti showed low but consistent predictive performance for long-term memory across 

datasets. In the test set, the model explained up to 5% of the variance, with ENR achieving a median 

R² = 0.04 (panel C in Figure 5.2.4; Table 5.2.4). Using ENR, BF-Lifemulti performed comparably to 

BF-Lifesingle models (median R² = 0.03–0.05), and to BF-PCAVar and BF-PCAMatch (median R² 

= 0.03–0.05), but underperformed relative to the BF-PCAVar(Train) and BF-PCAMatch(Train) 

(median R² = 0.08; Table 5.2.5). 

In Holdout1, BF-Lifemulti explained up to 6% of the variance (ENR: median R² = 0.05; 

Table 5.2.4). Using ENR, BF-Lifemulti outperformed ALC, PA, and SI models (all p < .05; median 

R² =-1.15×10⁻3 to 0.05) and performed comparably to SMO and all fully data-driven models 

(median R² = 0.04–0.05; Table 5.2.5). 

In the Holdout2 baseline, BF-Lifemulti showed a weak positive predictive performance 

(median R² = 0.01–0.04, Table 5.2.4). Using ENR, it outperformed the PA model (p < .001; median 

R² = 0.03; Table 5.2.5) but underperformed relative to the SMO, ALC, and SI models (p < 0.001; 

median R² = 0.06–0.07). The BF-Lifemulti model performed comparably to both fully data-driven 

models (median R² = 0.04–0.06) but underperformed relative to those with features obtained in the 

training dataset (both median R² = 0.08). However, no model achieved meaningful prediction for 

follow-up long-term memory (Table 5.2.5).  
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Table 5.2.4 Performance of the BF-Lifemulti model in predicting figural, episodic, and long-term memory. 

Models Targets Algorithms 

Median R2 Median MAE 

Test 

baseline 

Holdout1 

baseline 

Holdout2 

baseline 

Holdout2 

follow-up 

Test 

baseline 

Holdout1 

baseline 

Holdout2 

baseline 

Holdout2 

follow-up 

BF-Lifemulti 

models 

Figural 

memory 

ENR 0.13 0.12 -0.20 -0.15 3.16 3.35 3.30 3.32 

Ridge 0.13 0.11 -0.20 -0.15 3.18 3.36 3.30 3.33 

SVRrbf 0.09 0.08 -0.24 -0.19 3.21 3.45 3.36 3.46 

Lasso 0.09 0.09 -0.19 -0.15 3.22 3.42 3.27 3.34 

RVRlin 0.07 0.09 -0.33 -0.26 3.22 3.41 3.50 3.44 

Episodic 

memory 

ENR 0.04 0.07 -0.06 -0.62 8.77 8.93 9.83 10.72 

Ridge 0.06 0.08 -0.08 -0.64 8.67 8.92 9.92 10.79 

SVRrbf 0.05 0.05 -0.07 -0.68 8.65 9.10 9.80 10.97 

Lasso 0.03 0.07 -0.07 -0.63 8.79 8.89 9.88 10.70 

RVRlin -2.46×10⁻3 0.07 -0.11 -0.63 8.92 8.93 9.97 10.69 

Long-term 

memory 

ENR 0.04 0.05 0.04 -0.29 2.00 1.92 2.15 2.21 

Ridge 0.05 0.06 0.04 -0.30 1.97 1.91 2.16 2.20 

SVRrbf 0.01 0.04 0.03 -0.24 2.03 1.88 2.13 2.11 

Lasso 0.01 0.02 0.01 -0.31 2.06 1.98 2.19 2.22 

RVRlin 0.02 0.03 0.02 -0.33 2.05 1.91 2.18 2.23 

Abbreviations: R2, coefficient of determination; MAE, mean absolute error; BF-Lifemulti, multiple lifestyle-informed brain features; PCA, principal component analysis; BF-PCAVar / PCAVar(Train), PCA 

brain features from the main /training set, components explaining 80% variance; BF-PCAMatch / PCAMatch(Train), PCA brain features from the main /training set, components matched to the BF-

Lifemulti model; ENR, elastic net regression; Ridge, ridge regression; SVRrbf, support vector regression with radial basis function kernel; Lasso, least absolute shrinkage and selection operator regression; 

RVRlin, relevance vector regression with the linear kernel 
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Table 5.2.5 Performance of 14 models predicting figural, episodic, and long-term memory using the elastic net regression algorithm. 

Targets Models 

Median R2 Median MAE 

Test set 

baseline 

Holdout1 

baseline 

Holdout2 

baseline 

Holdout2 

follow-up 

Test set 

baseline 

Holdout1 

baseline 

Holdout2 

baseline 

Holdout2 

follow-up 

Figural 

memory 

BF-Lifemulti models  

k = 5* 0.13 0.12 -0.20 -0.15 3.16 3.35 3.30 3.32 

k = 2 0.06 0.09 -0.15 -0.10 3.23 3.39 3.27 3.29 

  k = 3 0.08 0.04 -0.24 -0.17 3.22 3.49 3.33 3.42 

  k = 4 0.08 0.02 -0.29 -0.25 3.29 3.49 3.41 3.51 

BF-Lifesingle models         

  SMO 0.08 0.08 -0.19 -0.15 3.26 3.46 3.28 3.37 

  ALC 0.07 0.03 -0.20 -0.15 3.25 3.50 3.33 3.40 

  PA 0.08 0.04 -0.20 -0.20 3.25 3.52 3.29 3.46 

  SI 0.10 0.05 -0.12 -0.08 3.17 3.49 3.24 3.32 

Data-driven models         

BF-PCAVar 0.08 0.04 -0.18 -0.15 3.22 3.51 3.30 3.39 

BF-PCAMatch 0.07 0.04 -0.16 -0.14 3.26 3.51 3.29 3.38 

BF-PCAVar(Train) 0.13 0.10 -0.17 -0.14 3.15 3.37 3.28 3.36 

BF-PCAMatch(Train) 0.13 0.10 -0.17 -0.14 3.16 3.36 3.28 3.36 

Incorporating non-brain data 

BF-Lifemulti +dem: k = 5 0.21 0.23 -0.07 3.42×10⁻3 2.98 3.17 3.09 3.10 

BF-Lifemulti +dem+life: k = 5 0.22 / -0.06 -5.74×10⁻4 3.03 / 3.09 3.13 

Episodic 

memory 

BF-Lifemulti models 

k = 5* 0.04 0.07 -0.06 -0.62 8.77 8.93 9.83 10.72 

k = 2 0.05 0.09 -0.11 -0.66 8.88 8.79 10.12 10.94 

  k = 3 0.04 0.05 -0.07 -0.71 8.93 9.12 9.95 11.11 

  k = 4 0.06 0.07 -0.07 -0.67 8.79 9.01 9.89 10.87 

BF-Lifesingle models  

  SMO 0.04 0.04 -0.07 -0.66 8.89 9.14 9.89 10.98 

  ALC 0.07 0.08 -0.08 -0.71 8.82 8.88 9.79 10.92 

  PA 0.04 0.08 -0.14 -0.66 8.90 9.02 10.25 11.07 

  SI 0.07 0.07 -0.05 -0.62 8.75 9.06 9.77 10.84 

Data-driven models 

BF-PCAVar 0.06 0.08 -0.04 -0.65 8.91 8.95 9.80 10.88 

BF-PCAMatch 0.07 0.08 -0.04 -0.64 8.84 8.98 9.80 10.86 



Chapter 5: Study 3 

127 

 

BF-PCAVar(Train) 0.10 0.10 -0.07 -0.62 8.71 8.83 9.84 10.75 

BF-PCAMatch(Train) 0.10 0.09 -0.07 -0.62 8.71 8.84 9.83 10.76 

Incorporating non-brain data  

BF-Lifemulti +dem: k = 5 0.11 0.11 -0.02 -0.51 8.62 8.76 9.64 10.53 

BF-Lifemulti +dem+life: k = 5 0.12 / -0.01 -0.52 8.66 / 9.59 10.55 

Long-term 

memory 

BF-Lifemulti models  

k = 5* 0.04 0.05 0.04 -0.29 2.00 1.92 2.15 2.21 

k = 2 0.04 0.04 0.03 -0.31 2.03 1.96 2.16 2.21 

  k = 3 0.02 0.04 0.07 -0.28 2.04 1.97 2.12 2.19 

  k = 4 0.04 0.06 0.06 -0.29 2.04 1.95 2.10 2.18 

BF-Lifesingle models  

  SMO 0.03 0.05 0.06 -0.31 2.02 1.95 2.12 2.21 

  ALC 0.05 0.05 0.07 -0.29 2.04 1.95 2.14 2.19 

  PA 0.04 -1.15×10⁻3 0.03 -0.33 2.02 1.99 2.17 2.23 

  SI 0.05 0.02 0.07 -0.30 2.01 1.97 2.12 2.22 

Data-driven models  

BF-PCAVar 0.03 0.04 0.04 -0.29 2.02 1.96 2.16 2.19 

BF-PCAMatch 0.05 0.05 0.06 -0.24 2.01 1.93 2.14 2.17 

BF-PCAVar(Train) 0.08 0.05 0.08 -0.28 1.97 1.92 2.12 2.19 

BF-PCAMatch(Train) 0.08 0.05 0.08 -0.28 2.00 1.92 2.12 2.19 

Incorporating non-brain data  

BF-Lifemulti +dem: k = 5 0.08 0.11 0.08 -0.24 1.96 1.86 2.09 2.17 

BF-Lifemulti +dem+life: k = 5 0.09 / 0.09 -0.24 1.93 / 2.08 2.16 

Note: (*) indicates the model used for the main analysis. Abbreviations: R², coefficient of determination; MAE, mean absolute error; k, cluster number; BF-Lifemulti, multiple lifestyle-informed 

brain features; BF-Lifesingle, single lifestyle-informed brain features; SMO/ALC/PA/SI, smoking- / alcohol consumption- /physical activity- / social integration-informed features; BF-PCAVar / 

PCAVar(Train), brain features via PCA (main dataset/train set), components explain 80% variance; BF-PCAMatch / PCAMatch(Train), brain features via PCA (main dataset/train set), 

components matched to the BF-Lifemulti; +dem, includes demographic data; +dem+life, includes demographic and lifestyle data 
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5.2.4 Feature Importance for Predicting Figural Memory 

Feature importance analysis via SHAP was focused on figural memory, specifically for the 

predictions based on Holdout1 with the ENR algorithm, as this prediction was the most reliable in 

terms of R2 scores (see Chapter 5.2.3). 

Summary of Feature Importance by Category (BF-Lifemulti vs BF-Lifesingle)  

Analysis of the unseen Holdout1 dataset revealed distinct neuroanatomical predictors of figural 

memory performance across the BF-Lifemulti model and the four BF-Lifesingle models using ENR. 

For the BF-Lifemulti model, the most influential feature categories included CT in the SAN and SMN, 

and GMV in the DMN, accounting for 8.5–9.6% of the BF-Lifemulti model’s total contribution, 

respectively (see Figure 5.2.5).  

In contrast, the four BF-Lifesingle models (SMO, ALC, PA, and SI) showed distinct patterns 

of feature importance. The SMO model was mainly driven by CT and GMV in the SMN, as well as 

CT in the DMN. The ALC model was primarily driven by CT in the DMN and DAN, and GMV in 

the frontoparietal control network (FPN). In the PA model, key contributors included CT in the SAN, 

node-wise FC segregation in the VIN, and FA of commissural fiber tracts. Finally, the SI model 

relied on node-wise FC segregation and GMV in the SAN, and CT in the SMN. For all four single-

lifestyle models, the most influential feature categories accounted for 9.3–11.6% of each model’s 

overall contribution (see Figure 5.2.5). 
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Figure 5.2.5 Importance of feature categories in nine models predicting figural memory using 

elastic net regression in Holdout1. Bubble color intensity and size correspond to feature 

importance, with darker and larger bubbles indicating higher contributions. Abbreviations: k, cluster 

number; BF-Lifemulti, multiple lifestyle-informed brain features; BF-Lifesingle, single lifestyle-informed 

brain features; SMO/ALC/PA/SI, smoking-/alcohol-/physical activity-/social integration-informed 

brain features 
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Feature Importance of Individual Features (BF-Lifemulti vs BF-Lifesingle) 

 

Figure 5.2.6 Feature importance in predicting figural memory using the BF-Lifemulti model 

(k=5) with elastic net regression. Projection of the most important features from gray (A) and 

white matter (B). Brain regions marked with solid purple lines are consistently important across all 

five algorithms. Abbreviations: k, cluster number; BF-Lifemulti, multiple lifestyle-informed brain 

features; L/R, left/right hemisphere 

The top 30% of features (SHAP values ranging from 0.042–0.243) are presented in Figure 5.2.6 and 

together account for 81.27% of the total contribution for BF-Lifemulti. Features that also appeared in 

the top 30% of any of the other four machine learning algorithms are highlighted (see also Table 

5.2.6). The most predictive features were primarily located in the SAN, VIN, DMN, and SMN. The 

top three contributors were: (i) GMV in a cluster spanning the right insula and frontal operculum 



Chapter 5: Study 3 

131 

 

(SAN_FrOperIns_2 [area Id6]; (ii) CT in the right temporo-parietal junction (SAN_TempOccPar_6 

[area PF]; (iii) SA in the right visual network [VIN_10; area hOc4v]. Other highly ranked features 

included GMV and CT in several cortical regions, as well as node-wise FC segregation in multiple 

networks.  

Specifically, GMV contribution was observed in the left superior temporal sulcus 

(DMN_Temp_5 [area STS2]) and left medial prefrontal cortex (DMN_PFC_13 [area p32]), while 

CT contribution was observed in the right superior temporal gyrus (SMN_1 [area Te3]) and left 

frontal operculum (SMN_9 [area Op4]). Contributions of node-wise FC segregation were mainly 

derived from the left visual network (VIN_20), the right superior temporal gyrus (SMN_8), and the 

right orbitofrontal cortex of the limbic network (LIN_OFC_3 [area Fo1]). 

Comparing the top 30% of features for each of the four BF-Lifesingle models with those of 

the BF-Lifemulti model (Figure 5.2.7), we found that four features were shared between the SMO 

and the BF-Lifemulti model (right SMN_1 [area Te3], left SMN_9 [area Op4], left DMN_Temp_5 

[area STS2], and left DMN_PFC_13 [area p32]), two shared between the PA and BF-Lifemulti model 

(right SAN_TempOccPar_6 [area PF] and right SAN_TempOccPar_5), and one shared between the 

SI and BF-Lifemulti model (right SMN_8), but none between the ALC model and BF-Lifemulti model. 
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Figure 5.2.7 BF-Lifesingle models: Feature importance in predicting figural memory using 

elastic net regression. Projection of the most important features from gray (A) and white matter 

(B). The brain regions marked by solid purple lines are important brain regions common to the BF-

Lifemulti model. Abbreviations: SHAP, SHapley Additive exPlanations; SMO/ALC/PA/SI, smoking-

/alcohol-/physical activity-/social integration-informed brain features; L/R, left/right hemisphere 



Chapter 5: Study 3 

133 

 

Table 5.2.6 Top 30% features in the BF-Lifemulti model in predicting figural memory using ENR and SHAP analysis. 

Paramet

ers 
Labels 

Network/fiber 

type 

Mean |SHAP| 

value 

Harvard-Oxford Cortical 

Structural Atlas 
AAL3 Brodmann Julich Brain Atlas 

GMV SAN_FrOperIns_2 (R) SAN 0.24 Insular Cortex (R), 92.84% Insula (R), 80.44% BA48 (R), 90.53% Area Id6 (Insula), 42.29% 

GMV DMN_Temp_5 (L) DMN 0.14 Temporal Pole (L), 66.64% 
Temporal_Pole_Sup (L), 

54.13% 
BA38 (L), 44.95% Area STS2 (STS), 17.96% 

GMV DMN_PFC_13 (L) DMN 0.09 
Superior Frontal Gyrus (L), 

28.91% 

Frontal_Sup_Medial (L), 

97.33% 
BA10 (L), 32.46% Area p32 (pACC), 35.13% 

GMV FPN_Temp_2 (R) FPN 0.05 

Middle Temporal Gyrus, 

temporooccipital part (R), 

42.31% 

Temporal_Mid (R), 63.16% BA20 (R), 51.70% 
Temporal-to-Parietal 

(GapMap), 88.10% 

GMV VIN_10 (R) VIN 0.04 
Lateral Occipital Cortex, 

inferior division (R), 90.46%  
Frontal_Inf_Oper (R), 64.87% BA19 (R), 80.40% Area hOc4v (LingG), 35.80% 

CT SAN_TempOccPar_6 (R) SAN 0.21 
Supramarginal Gyrus, anterior 

division (R), 82.32% 
SupraMarginal (R), 87.10% BA2 (R), 52.37% Area PF (IPL), 59.05%  

CT SMN_1 (R) SMN 0.14 Planum Polare (R), 39.56% 
Temporal_Pole_Sup (R), 

35.11% 
BA48 (R), 38.26% Area Te 3 (STG), 29.40% 

CT SMN_9 (L) SMN 0.09 Precentral Gyrus (L), 54.16% Rolandic_Oper (L), 60.00% BA48 (L), 70.45% Area Op4 (POperc), 28.55% 

CT DAN_PrCv_1 (R) DAN 0.07 Precentral Gyrus (R), 59.60%  Frontal_Inf_Oper (R), 64.87% BA44 (R), 47.06% Area 6v3 (PreCG), 20.39% 

CT VIN_14 (L) VIN 0.06 
Lateral Occipital Cortex, 

inferior division (L), 86.17% 
Occipital_Mid (L), 51.34% BA19 (L), 42.99%  Area hOc4lp (LOC), 41.21% 

CT DMN_Temp_1 (L) DMN 0.05 
Middle Temporal Gyrus, 

anterior division (L), 38.12% 
Temporal_Mid (L), 51.35% BA20 (L), 52.39% 

Temporal-to-Parietal 

(GapMap), 55.18% 

CT SAN_TempOccPar_5 (R) SAN 0.04 
Supramarginal Gyrus, anterior 

division (R), 36.67% 
SupraMarginal (R), 69.97% BA48 (R), 66.94% 

Frontal-to-Occipital (GapMap), 

26.5035% 

CA1 (Hippocampus), 22.85% 

(551) 

SA VIN_10 (R) VIN 0.15 
Lateral Occipital Cortex, 

inferior division (R), 90.46%  
Frontal_Inf_Oper (R), 64.87% BA19 (R), 80.40% Area hOc4v (LingG), 35.80% 

SA SMN_34 (L) SMN 0.04 
Superior Frontal Gyrus (L), 

42.70% 
Precentral (L), 32.57% BA6 (L), 91.18% Area 6d1 (PreCG), 60.24% 

node FC VIN_20 (L) VIN 0.12 
Cingulate Gyrus, posterior 

division (L), 40.90% 
Calcarine (L), 51.42% BA17 (L), 31.23% 

Frontal-to-Occipital (GapMap), 

78.23% 

node FC SMN_8 (R) SMN 0.08 
Superior Temporal Gyrus, 

posterior division (R), 59.20% 
Temporal_Sup (R), 95.29% BA22 (R), 63.16% 

Temporal-to-Parietal 

(GapMap), 32.92% 

node FC LIN_OFC_3 (R) LIN 0.07 Frontal Pole (R), 48.26% Rectus (R), 54.86%  Area Fo1 (OFC), 53.58% 

node FC VIN_5 (R) VIN 0.07 Lingual Gyrus (R), 62.57% Lingual (R), 46.60% BA37 (R), 65.61% Area Ph1 (PhG), 44.02% 

node FC DMN_PFC_6 (L) DMN 0.06 Frontal Pole (L), 99.25% Frontal_Sup_2 (L), 78.57% BA11 (L), 60.22% Area Fp1 (FPole), 59.35% 

node FC VIN_3 (R) VIN 0.05 
Temporal Occipital Fusiform 

Cortex (R), 92.31% 
Fusiform (R), 96.44% BA37 (R), 89.85% Area FG4 (FusG), 34.18% 

node FC SMN_7 (R) SMN 0.04 Planum Temporale (R), 63.56% Temporal_Sup (R), 91.40% BA22 (R), 54.24% Area TPJ (STG, SMG), 31.58% 

net FC DMN_w DMN 0.05 / / / / 
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FA 
Posterior_corona_radiata 

(R) 
Projection 0.10 / / / / 

RD Cingulum_cingulate (R) Association 0.06 / / / / 

ICVF 
Superior_corona_radiata 

(L) 
Projection 0.08 / / / / 

ICVF 
Anterior_corona_radiata 

(L) 
Projection 0.06 / / / / 

ICVF Genu_of_corpus_callosum Commissural 0.05 / / / / 

ICVF External_capsule (L) Association 0.05 / / / / 

ODI 
Superior_longitudinal_fasc

iculus (R) 
Association 0.08 / / / / 

Note: The row with blue color represents the common feature across all five algorithms. We determined the location of a region in the four atlases and the percentage of overlap. Abbreviations: 
L/R, left/right hemisphere 
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5.2.5 Supplementary Analyses 

Adding predictive value by incorporating non-brain variables 

Figure 5.2.8 Performance of models incorporating non-brain data in predicting figural (A), 

episodic (B), and long-term memory (C). The combined model (BF-Lifemulti + demographics + 

lifestyle, NA) was not available in Holdout1 due to the lack of available lifestyle data. A light gray 

dashed line marks R² = 0.10 as a reference. Abbreviations: k, cluster number; BF-Lifemulti, multiple 

lifestyle-informed brain features; +dem, includes demographic data 

We extended the BF-Lifemulti model by incorporating demographic variables (i.e., age, sex, and 

education; BF-Lifemulti +dem), as well as the original eight continuous lifestyle variables (BF-

Lifemulti +dem+life), to assess the added predictive value of these non-brain variables. Although the 

same eight lifestyle variables, recoded as categorical variables, were used initially for participants 

clustering, they were not included in the brain feature selection process and were added in the 

extended model only as independent predictors (see Figure 5.2.8 and Table 5.2.4). 

Predictive performance of the BF-Lifemulti models with different cluster numbers 

Varying the number of clusters (k = 2–5) yielded largely comparable BF-Lifemulti performance 

across memory domains. For figural memory, performance peaked at k = 5 in the test set and 

Holdout1. Episodic and long-term memory showed similar performance across all k values in these 

datasets. None of the models generalized to Holdout2 (see Figure 5.2.9 and Table 5.2.4). 



Chapter 5: Study 3 

136 

 

Figure 5.2.9 Predictive performance of various models for figural memory using elastic net 

regression. The model, which included multiple lifestyle-informed brain features, demographics, 

and lifestyle factors (BF-Lifemulti +dem+life), was not applied to the holdout1 set (panel B) due to 

missing lifestyle data and is marked as not available (NA). The light gray dashed line indicates an 
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R² value of 0.10. Abbreviations: R²: Coefficient of determination; k: Cluster number; BF-Lifemulti: 

multiple lifestyle factors-informed brain features; BF-Lifesingle, single lifestyle-informed brain 

features; SMO/ALC/PA/SI, smoking-/alcohol-/physical activity-/social integration-informed brain 

features; PCA, Principal component analysis; BF-PCAVar / PCAVar(Train), PCA brain features from 

the main /training set, components explaining 80% variance; BF-PCAMatch / PCAMatch(Train), 

PCA brain features from the main /training set, components matched to the BF-Lifemulti model; +dem, 

includes demographic data; +dem+life, includes demographic and lifestyle data 

Prediction of the global cognitive component 

The predictive performance of 14 ENR models for the global cognitive component is summarized 

in Figure 5.2.10 and Table 5.2.7. In the test set, BF-Lifemulti models (k = 2–5) showed comparable 

performance to BF-Lifesingle models (explaining up to 13% of the variance), while fully data-driven 

models performed best (explained up to 17% of the variance); adding demographic and lifestyle 

data substantially improved the BF-Lifemulti model with k = 5 (explained up to 36% of the variance). 

In Holdout1, the BF-Lifemulti model with k = 5 (explained 17% of the variance) outperformed other 

BF-Lifemulti and BF-Lifesingle models and matched the performance of fully data-driven models, with 

further gains when non-brain features were included (explained up to 36% of the variance). In 

Holdout2, only the BF-Lifemulti model with k = 2, the SI model, and data-driven models achieved 

positive median R² (explained up to 8% of the variance); the k = 5 model performed poorly with 

brain features alone but improved when demographic and lifestyle data were added (explained up 

to 19% of the variance).
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Figure 5.2.10 Predictive performance of various models for the global cognitive component 

using elastic net regression. The model, which included multiple lifestyle-informed brain features, 

demographics, and lifestyle factors (BF-Lifemulti +dem+life), was not applied to the holdout1 set 

(panel B) due to missing lifestyle data and is marked as not available (NA). The light gray dashed 

line indicates an R² value of 0.10. Abbreviations: R²: Coefficient of determination; k: Cluster number; 

BF-Lifemulti: multiple lifestyle factors-informed brain features; BF-Lifesingle, single lifestyle factor-

informed brain features; SMO/ALC/PA/SI, smoking-/alcohol-/physical activity-/social integration-

informed brain features; PCA, Principal component analysis; BF-PCAVar / PCAVar(Train), PCA 

brain features from the main /training set, components explaining 80% variance; BF-PCAMatch / 
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PCAMatch(Train), PCA brain features from the main /training set, components matched to the BF-

Lifemulti model; +dem, includes demographic data 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5.2.7 Performance of 14 models using elastic net regression (ENR) on the global cognitive component. 

Algori-

thm 
Models 

Median R2 Median MAE 

Test 

baseline 

Holdout1 

baseline 

Holdout2 

baseline 

Test 

baseline 

Holdout1 

baseline 

Holdout2 

baseline 

ENR 

BF-Lifemulti models 

k = 5 0.13 0.17 -0.05 1.66 1.67 1.61 

k = 2 0.13 0.14 0.03 1.65 1.71 1.56 

k = 3 0.11 0.10 -0.04 1.67 1.76 1.61 

k = 4 0.10 0.06 -0.12 1.72 1.77 1.67 

BF-Lifesingle models 

SMO 0.09 0.09 -0.02 1.68 1.76 1.60 

ALC 0.12 0.12 -0.01 1.65 1.73 1.58 

PA 0.08 0.05 -0.04 1.68 1.83 1.61 

SI 0.11 0.11 0.03 1.66 1.75 1.55 

Data-driven model 

BF-PCAVar 0.13 0.17 0.05 1.61 1.71 1.50 

BF-PCAMatch 0.17 0.17 0.08 1.58 1.70 1.48 

BF-PCAVar(Train) 0.17 0.19 0.02 1.60 1.67 1.53 

BF-PCAMatch(Train)  0.16 0.19 0.02 1.61 1.67 1.53 

Incorporating non-brain data 

BF-Lifemulti +dem: k=5 0.32 0.36 0.14 1.40 1.45 1.50 

BF-Lifemulti +dem+life: k=5 0.36 / 0.19 1.37 / 1.47 

Abbreviations: k, cluster number; R2, coefficient of determination; MAE, mean absolute error; BF-Lifemulti, multiple 

lifestyle-informed brain features; BF-Lifesingle, single lifestyle-informed brain features; SMO/ALC/PA/SI, smoking-

/alcohol-/physical activity-/social integration-informed brain features; PCA, Principal component analysis; BF-PCAVar / 

PCAVar(Train), PCA brain features from the main /training set, components explaining 80% variance; BF-PCAMatch / 

PCAMatch(Train), PCA brain features from the main /training set, components matched to the BF-Lifemulti model; +dem, 

includes demographic data; +dem+life, includes demographic and lifestyle data 
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Predictive performance of the models using target-dependent data-driven feature selection 

approaches 

Using ENR, we compared the BF-Lifemulti model (k = 5) with whole-brain models employing 

different feature selection approaches for figural memory prediction (Figure 5.2.11; Table 5.2.8). In 

the test set and Holdout1, the BF-Lifemulti model showed performance comparable to or slightly 

better than mutual information and f_regression methods (explaining up to 13% and 11% the 

variance, respectively), and consistently outperformed ridge regression and hybrid approaches. 

None of the models generalized to Holdout2 at either baseline or follow-up. 

Figure 5.2.11 Comparison between the BF-Lifemulti model and models with different target-

dependent data-driven feature selection approaches using elastic net regression. The light 

gray horizontal dashed line represents the R² value of 0.10. Abbreviations: R2, coefficient of 

determination; k, cluster number; MI_regression, mutual information regression feature selection 

method; f_regression, f_regression feature selection method; ridge_regression, ridge regression 

feature selection method; hybrid_regression, feature selection using both filter and wrapper 

strategies; unmatch, select the 193 features based on their respective rankings; match, select the 

96 features based on their respective rankings to match the number of features in the BF-Lifemulti 

model 
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Table 5.2.8 Comparison of target-dependent data-driven feature selection approaches using elastic net regression for predicting figural memory. 

Models 

median R2 median MAE 

Test baseline 
Holdout1 

baseline 

Holdout2 

baseline 

Holdout2 

follow-up 
Test baseline 

Holdout1 

baseline 

Holdout2 

baseline 

Holdout2 

follow-up 

BF-Lifemulti: k=5 a 0.13 0.12 -0.20 -0.15 3.16 3.35 3.30 3.32 

BF-MIunmatch
b 0.12 0.11 -0.18 -0.13 3.18 3.36 3.27 3.33 

BF-MImatch
b 0.13 0.11 -0.17 -0.13 3.17 3.36 3.26 3.33 

BF-f_regressionunmatch
b 0.13 0.09 -0.18 -0.13 3.14 3.42 3.27 3.35 

BF-f_regressionmatch
b 0.13 0.09 -0.18 -0.13 3.14 3.42 3.27 3.35 

BF-ridgeunmatch
b -0.19 -0.25 -0.63 -0.54 3.49 3.92 3.78 3.94 

BF-ridgematch
b -0.19 -0.25 -0.63 -0.54 3.49 3.92 3.78 3.94 

BF-hybridunmatch
b -2.31 -1.99 -3.14 -2.87 5.98 6.02 6.02 6.11 

BF-hybridmatch
b -0.92 -0.89 -1.44 -1.31 4.45 4.77 4.69 4.80 

Note: Model with multiple lifestyle-informed brain features showing here for a reference (BF-Lifemulti, marked in green); a feature selection performed in the main set (including training 

and test set); b feature selection strictly performed in the training set. Abbreviations: k, cluster number; R2, coefficient of determination; MAE, mean absolute error; BF-MI, a model 

based on whole brain feature sets using mutual information regression feature selection method; BF-f_regression, a model based on whole brain feature sets using f_regression feature 

selection method; BF-ridge, a model based on whole brain feature sets using ridge regression feature selection method; BF-hybrid, a model based on whole brain feature sets using both 

filter and wrapper strategies; unmatch, select the 193 features based on their respective rankings; match, feature number (i.e., 96 features) match the number of features in the BF-

Lifemulti model 
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5.3 Discussion 

We examined whether brain features reflecting composite lifestyle patterns improve the prediction 

of domain-specific cognitive functions relative to models based on individual lifestyle factors. 

Overall, integrating multiple lifestyle factors yielded modest gains in predictive performance, with 

the strongest effects observed for figural memory; however, it did not clearly outperform fully data-

driven approaches. These findings suggest that lifestyle-informed brain differences contribute to 

cognitive prediction in a domain-specific manner, while highlighting the limited magnitude and 

generalizability of such effects. 

5.3.1 Domain-Specific Predictive Performance of the BF-Lifemulti Model 

Building on these results, we consider the domain-specific predictive pattern of the BF-Lifemulti 

model in relation to prior work. Prior studies in comparable aging cohorts using unimodal and 

multimodal neuroimaging approaches have reported explained variance of up to 12–14% for global 

cognitive performance (Jockwitz et al., 2024; Kramer et al., 2024). In this context, the BF-Lifemulti 

model showed its strongest predictive performance for figural memory and a global cognitive 

component, while demonstrating limited predictive sensitivity for other cognitive domains, 

including working memory, language-related functions, and executive control.  

The BF-Lifemulti model did not achieve the higher levels of explained variance (e.g., >20%) 

reported in studies of young adults using task-based or resting-state FC to predict fluid and 

crystallized cognitive performance (Dhamala et al., 2021; Dubois et al., 2018; Gao et al., 2019). 

However, prediction of cognition in population-based samples across the adult lifespan has 

generally remained modest (MacDonald et al., 2011). For example, multimodal neuroimaging 

predicted visual working memory across the adult lifespan in Cam-CAN (~16.2% explained 

variance; N = 547, aged 18–88 years) (Xiao et al., 2021), while processing speed showed limited 

predictability using resting-state FC (~8–11%; N = 99, aged 62–71 years; Cam-CAN, N = 295, aged 

25–80 years) (Gao et al., 2020). Consistently, a large-scale UK Biobank study reported that only a 

small proportion of the variance in fluid intelligence and neuroticism (~2–6%; N = 18,550, aged 

44–80 years) was explained (Easley et al., 2023). 

Although higher predictive performance has been reported in smaller or clinical samples, 

such as individuals with MCI or Alzheimer’s disease (Avery et al., 2020; Kwak et al., 2021; Yu et 
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al., 2020), these findings are only partly comparable to population-based studies, given the more 

specific and pronounced neural changes in clinical cohorts and the increased risk of overfitting in 

smaller samples (Lee et al., 2024; Poldrack et al., 2017). In this context, the modest predictive 

performance observed here is broadly consistent with large-scale population studies such as the UK 

Biobank (Easley et al., 2023) and likely reflects realistic effect sizes in normal aging. Taken together, 

while the predictive performance of the BF-Lifemulti model in older adults may appear modest 

compared to studies in young adults or clinical cohorts, its performance, particularly for figural 

memory and the global cognitive component, remains informative and broadly within the expected 

range in the context of age-related variability. 

Nonetheless, within the present framework, the BF-Lifemulti model outperformed the four 

models with single lifestyle-informed brain features (BF-Lifesingle) in predicting figural memory. 

Specifically, in the test set, the BF-Lifemulti model showed a statistically significant advantage over 

the alcohol-related (ALC) model. In Holdout1, the BF-Lifemulti model showed a statistically 

significant advantage over the BF-Lifesingle models in predicting figural memory (Figure 5.2.4 A). 

Although the absolute effect sizes were small, integrating multiple lifestyle-informed brain features 

captured lifestyle-informed brain variance more comprehensively than modeling brain features 

based on individual lifestyle effects, supporting multivariate approaches in cognitive aging research. 

Furthermore, the BF-Lifemulti model outperformed fully data-driven models (without prior 

biological hypotheses) when both used the same feature-extraction procedure. In this procedure, 

features were selected or reduced from the main dataset before any model training. However, this 

advantage was conditional: the BF-Lifemulti model did not outperform data-driven models when a 

more rigorous machine learning workflow was applied, in which PCA was performed separately 

within each training fold. 

Importantly, the advantage of BF-Lifemulti over both BF-Lifesingle and comparable data-

driven models was sensitive to the granularity of the brain–lifestyle representation. When the cluster 

number was altered (k = 2–4), this advantage was no longer observed (Table 2 and Suppl. Figure 4), 

suggesting that the predictive performance of lifestyle-informed brain features depends on an 

appropriate level of representational granularity. In the present framework, the five-cluster solution 

captured a balance between aggregating shared lifestyle-informed variance and avoiding excessive 

fragmentation. 
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5.3.2 Predictive Insights from the BF-Lifemulti Model 

Given the domain-specific advantage for figural memory, we next examined which brain features 

contributed most strongly to prediction. The BF-Lifemulti model (k = 5) showed its highest predictive 

performance for figural memory, which was primarily driven by features within the salience/ventral 

attention, default mode, and somatomotor networks, as well as node-wise functional segregation 

within the visual network. These networks are broadly associated with attentional control, internally 

directed cognition, and visual processing (Andrews-Hanna et al., 2010; Menon & Uddin, 2010; 

Spreng & Grady, 2010), suggesting that their involvement may indirectly support figural memory 

performance. 

At the feature level, important contributors included gray-matter morphology in 

salience/ventral attention and visual regions (e.g., right insula and right lingual gyrus), node-wise 

functional segregation within the visual network (e.g., left calcarine fissure), and microstructural 

integrity of projection fibers such as the posterior and superior corona radiata. Several of these 

regions show structural sensitivity to lifestyle factors, including smoking (Durazzo et al., 2018), 

which may partly explain their relevance for figural memory prediction. The high contribution of 

node-wise functional network segregation within the visual network resonates with prior research 

on network dedifferentiation during aging (Deery et al., 2023; Diez et al., 2024), where reduced 

within-network specialization may compromise the fidelity of perceptual representations. While our 

feature-importance analysis does not establish directionality (i.e., higher vs lower segregation), it 

suggests that the balance between segregation and integration in visual systems is a candidate 

mechanism linking lifestyle-informed brain variance to figural memory. In addition, although the 

precise role of the integrity of projection-fiber tracts remains unclear, their inclusion suggests a 

potential contribution to this cognitive domain. 

In contrast, BF-Lifesingle models capture only partial aspects of lifestyle-informed neural 

variability by emphasizing specific modalities or network subsets in isolation. BF-Lifemulti 

integrates structural, functional, and microstructural features across multiple lifestyle domains, 

providing a more comprehensive representation than single-factor models. These observations are 

consistent with studies showing that multidomain lifestyle patterns are informative in predicting 

cognitive aging (Paolillo et al., 2023). 

The predictive advantages of the BF-Lifemulti model were largely confined to figural 
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memory, with limited generalization to other cognitive domains. This pattern may reflect the 

specific brain networks engaged in figural memory, which involve higher-order visual regions, 

whereas episodic memory relies more on medial temporal lobe structures (Rolls & Treves, 2024), 

and verbal abilities depend on widely distributed language-specific networks (e.g., prefrontal, 

temporal, and subcortical regions) (Boerma et al., 2023). The limited prediction of verbal tasks may 

also reflect the relative stability of these abilities across aging (Harada et al., 2013), and they are 

strongly correlated with sociodemographic variables such as education and language exposure, 

which already encapsulate much of the neural information relevant to verbal performance (Stern, 

2009). By contrast, approaches such as connectome-based predictive modeling, which use target-

dependent feature selection to target specific networks, have successfully predicted verbal abilities 

(Dhamala et al., 2021), underscoring that prediction of different cognitive domains may benefit 

from tailoring feature selection and modeling approaches to the specific networks involved. 

Interestingly, the BF-Lifemulti model also showed relatively better predictive performance 

for the global cognitive component. This may partly reflect that global cognitive functions rely on 

widespread and distributed neural networks, which tend to show relatively consistent large-scale 

organization compared with highly localized, domain-specific processes and are therefore more 

amenable to multimodal characterization (Rasero et al., 2021). Although the variance explained is 

modest, these results may reflect associations between lifestyle-informed brain features and 

cognitive aging, especially for functions supported by distributed neural networks. 

While the current study did not explicitly test aging frameworks, it exploratorily identified 

brain patterns—particularly in salience/ventral attention and visual networks—that may contribute 

to predicting specific cognitive domains. These brain patterns have not been directly examined in 

the context of established aging models in the current study, such as brain maintenance. This refers 

to the relative preservation of brain structure and function across the adult lifespan, which is 

associated with better cognitive outcomes in aging (Cabeza et al., 2018), and to STAC‑R, which 

suggests that older adults recruit additional neural circuits to compensate for age-related declines 

(Prince et al., 2024). The present findings may nevertheless point to potential mechanisms through 

which multidomain lifestyle factors influence domain-specific cognitive performance. Future 

studies could further investigate these links, for example, by incorporating task-based functional 

measures or additional lifestyle variables to improve predictive performance. 
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Despite these brain-based insights, neuroimaging features alone accounted for only a 

limited proportion of the variance in cognitive performance. When demographic variables (age, sex, 

and education) were incorporated, predictive performance for figural memory improved 

substantially, consistent with prior findings that demographics capture a large share of explainable 

cognitive variance (e.g., Ashish & Turner, 2024; Bruno Hebling Vieira et al., 2022). By contrast, the 

incremental contribution of brain features remained modest, and adding individual-level lifestyle 

variables did not yield further gains. This pattern suggests that variance associated with lifestyle 

may already be partially reflected in demographic and brain measures, leaving limited additional 

predictive value for lifestyle variables themselves. Nevertheless, a substantial proportion of the 

variance in cognitive performance remained unexplained, indicating that future work may benefit 

from incorporating additional non-brain factors, such as socioeconomic status, physical health, 

cardiovascular risk, genetic predisposition, or social network characteristics. 

5.3.3 Challenges to Generalization Across Samples 

Despite the advantages in Holdout1, models showed limited robustness in the second holdout set. 

Neither BF-Lifemulti nor the comparison models (BF-Lifesingle and data-driven models) showed 

meaningful predictive performance for figural memory at baseline or follow-up, even after 

incorporating demographic and lifestyle variables (Table 5.2.5). This consistent lack of performance 

across modeling approaches underscores the difficulty of predicting figural memory from brain 

features in this subgroup. Several factors may have contributed to this decline. Despite random 

assignment, Holdout2 differed from the training/test set and Holdout1 in key characteristics, 

including education level and baseline figural memory performance (Tables 5.2.1 and 5.2.2). In 

addition, the available training sample size may have been insufficient to learn patterns that 

generalize to a more distinct subgroup. 

Together, these findings suggest that the associations captured by BF-Lifemulti, while 

informative in Holdout1, were not sufficiently stable to support reliable prediction across 

subsamples or follow-up assessments, likely to reflect sample heterogeneity and distributional 

differences rather than specific methodological flaws. 

Furthermore, these findings point to several broader methodological limitations that warrant 

consideration. First, consistent with the sensitivity of model performance to clustering granularity, 

the separation of the identified lifestyle subgroups was relatively weak, as reflected by low 
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silhouette scores (Suppl. Table 4), highlighting the inherent difficulty of discretizing complex, 

multidimensional lifestyle behaviors. While clustering enabled the examination of broad lifestyle 

heterogeneity, future work could explore alternative methods and stability criteria to improve 

interpretability and robustness. 

Second, between-group exploratory analyses were used to identify BF-Lifemulti features 

without correcting for multiple comparisons across all brain variables, with correction applied only 

across lifestyle subgroups. Baseline health status or pre-existing disease may confound observed 

findings. In addition, the cross-sectional nature of neuroimaging and lifestyle data precludes 

conclusions about directionality between lifestyle factors and brain features. As such, these findings 

should be regarded as exploratory rather than conclusive and require cautious interpretation. 

Third, although follow-up cognitive outcomes were examined, the lifestyle and 

neuroimaging data were cross-sectional, limiting inferences about cognitive change over time. 

Future research could further benefit from repeated behavioral and neural assessments over longer 

time spans to better characterize intra-individual differences in cognitive performance (Raz & 

Lindenberger, 2011).  
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5.4 Conclusions 

In summary, this study shows that brain features reflecting composite lifestyle patterns carry modest 

but domain-specific predictive information for cognitive performance in older adults, with the 

clearest effects observed for figural memory. While these lifestyle-informed brain differences do 

not outperform fully data-driven approaches and exhibit limited generalizability, they highlight an 

information-guided representation of these brain differences that may complement existing 

predictive models. Future work integrating larger, more diverse samples and longitudinal measures 

may further clarify their relevance to cognitive aging. 
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Chapter 6: Cross-Study Discussion 

6.1 Synthesis of Findings 

Against the backdrop of accelerating global population aging, understanding why individuals 

exhibit markedly different cognitive trajectories during healthy aging has become an unavoidable 

question in cognitive neuroscience and aging research (Rothermund et al., 2023). Importantly, 

healthy aging is far from homogeneous: even in the absence of clinically diagnosed 

neurodegenerative diseases, older adults exhibit substantial inter-individual variability across 

cognitive functioning, brain network organization, and the maintenance of daily functional abilities 

(Stern et al., 2019). In this sense, uncovering the neural basis of heterogeneity in healthy aging is 

not merely a theoretical concern; it also has important implications for assessing, monitoring, and 

supporting cognitive maintenance and everyday functioning in later life. 

Research on brain aging has often relied on group-level, cross-sectional comparisons to 

characterize typical age-related patterns, yet such approaches may overlook meaningful inter-

individual variability in cognitive and neural aging trajectories (Patel et al., 2022; Persson et al., 

2012). Current research indicates that the combined effects of biological factors (e.g., genetics) and 

non-biological factors (including social, cultural, life experiences, lifestyle, and psychosocial 

factors) shape an individual's distinct cognitive and brain patterns relative to peers (Castruita et al., 

2022). Furthermore, cross-sectional evidence suggests that as individuals age, their cognitive and 

brain aging patterns become more “unique“ (Nyberg, 2018; Nyberg & Lindenberger, 2020), though 

longitudinal studies suggest that within-subject variability does not necessarily increase with age 

(Grodem et al., 2025; Salthouse, 2012). However, treating interindividual heterogeneity in the brain 

as mere statistical noise may obscure critical information needed to understand the mechanisms 

underlying healthy aging. 

Building on this perspective, the present dissertation places individual differences at the 

center of its research framework. Using multimodal neuroimaging, multivariate statistical 

approaches, and machine learning models, the dissertation addresses three interrelated questions: 

first, which lifestyle, psychosocial, and cognitive factors are associated with inter-individual 
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variability of connectivity; second, whether inter- and intra-individual variability of connectivity 

reflects large-scale brain network segregation, as a metric of network (re-)organization, and plays a 

role in the relationship between network segregation and cognitive function; and third, whether 

brain differences related to lifestyle and psychosocial factors provide additional helpful information 

for predicting cognitive performance. These questions are not independent but jointly serve a 

broader objective: to understand how external life experiences, internal brain network organization, 

and cognitive performance are interconnected at the individual level during healthy aging. 

Study 1 addressed the first question. We identified a latent variable linking greater inter-

individual variability of structural and functional connectivity patterns with less favorable lifestyle 

and psychosocial characteristics (e.g., lower social integration and heavier smoking), as well as 

poorer nonverbal cognitive performance, such as episodic memory and executive control. Moreover, 

different age groups exhibit sensitivity to distinct lifestyle/psychosocial factors. These findings 

contribute to a growing body of work indicating that inter-individual variability in brain 

connectivity reflects meaningful biological organization rather than random system noise (Huang 

et al., 2025; L. Li et al., 2021; Li et al., 2017; Mueller et al., 2013; T. Xu et al., 2019). Prior work 

has emphasized genetic, evolutionary, and developmental influences on inter-individual variability 

of functional connectivity, whereas inter-individual variability of structural connectivity has been 

shown to exhibit systematic spatial patterns that correlate with regional properties such as cortical 

structure and myelination. The present results further suggest that long-term lifestyle and 

psychosocial factors are associated with individual differences in connectivity patterns, indicating 

that such variability may arise from the combined influence of intrinsic neurobiological constraints 

and accumulated life experience. This interpretation is broadly consistent with the Scaffolding 

Theory of Aging and Cognition–revised (STAC-r), which emphasizes that cognitive maintenance 

depends on neural scaffolding resources. These resources are progressively formed and 

continuously adapted throughout the lifespan, shaped by life experiences and environmental 

exposures, and exhibit differential expression across individuals (Reuter-Lorenz & Park, 2014). 

However, Study 1 focused particularly on the potential source of brain heterogeneity and 

its association with cognitive outcomes during aging, leaving unresolved the large-scale network 

organization underlying individual differences in brain connectomes. Relatively few studies have 

explored this perspective— namely, interpreting network reorganization during aging and its 
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relationship with executive control through the lens of individual differences in brain connectomes 

(Mueller et al., 2013). Therefore, Study 2 examined the role of inter- and intra-IV of connectivity 

in the relationship between network segregation and executive control. 

The results of Study 2 indicate that the relationship between network segregation and 

executive control may not be fully captured at the mean level of segregation alone. Although direct 

associations were inconsistent, mediation analyses revealed a relatively coherent pattern: structural 

and, to a lesser extent, functional network segregation was linked to worse executive control through 

higher inter-individual variability of connectivity. Thus, inter-IV of connectivity—rather than 

network segregation per se—showed stable behavioral relevance. Across systems, changes in 

network segregation were accompanied by changes in inter-IV of connectivity, although the 

direction of these associations differed by brain system and imaging modality. In cortical networks, 

lower network segregation was generally associated with higher inter-IV of connectivity, a pattern 

broadly consistent with accounts of age-related functional dedifferentiation. In subcortical and 

cerebellar systems, however, segregation–variability associations varied across structural and 

functional domains, indicating that structural and functional segregation indices may reflect distinct 

organizational properties outside the cortex. Importantly, irrespective of direction, higher inter-IV 

of connectivity was consistently associated with poorer executive control. 

Although inter-IV in structural and functional connectivity likely arises from partially 

distinct biological mechanisms (Huang et al., 2025; Mueller et al., 2013), both indices reflect 

reduced consistency of network organization across individuals. Aging has been associated with 

increased between-person heterogeneity in brain and cognition (Nyberg et al., 2012). When such 

between-person differences increase, similar levels of cognitive performance may be supported by 

more heterogeneous connectivity configurations, potentially reducing the stability of group-level 

brain–behavior associations (Dubois & Adolphs, 2016). In contrast, intra-IV of connectivity—

capturing longitudinal changes within individuals—did not show consistent mediation effects 

within the present time window. This does not preclude a role for longitudinal brain reorganization; 

for example, the isolated mediation effect observed for intra-individual functional variability in 

specific networks may suggest that reduced long-term brain functional flexibility may not support 

executive control. However, compared to inter-IV of connectivity, these effects were unstable and 

context-dependent. In addition, age-moderated analyses further indicated that these mediation 
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pathways did not follow a monotonic age trend but instead varied across subgroups within older 

adulthood. Together, these findings highlight the importance of considering individual variability in 

understanding brain reorganization and cognitive outcomes during aging. 

Building on these findings, a key next step is to examine whether heterogeneous brain 

differences can inform predictions of individual cognitive outcomes. In the context of the growing 

use of machine learning approaches in neuroimaging, developing such predictive models has 

become an important research objective. However, this goal remains challenging in healthy elderly 

populations—even with multimodal neuroimaging and complex modeling approaches, predictive 

efficacy often remains limited (e.g., Rasero et al., 2021; Schulz et al., 2024). A previous study 

suggests that distinct aging subtypes may exist among older adults due to differences in 

environmental and lifestyle exposures (Rodrigues et al., 2024). Building on insights from the first 

two studies regarding the sources of brain heterogeneity and their cognitive implications, we 

examined whether integrating lifestyle- and psychosocial-informed brain features could capture 

meaningful heterogeneity and improve the prediction of individual cognitive performance in healthy 

aging. 

The findings of Study 3 revealed that while incorporating multimodal neuroimaging 

features related to lifestyle and psychosocial factors improves model performance in both test set 

and one internal unseen holdout set, overall predictive performance remains limited and does not 

obviously surpass findings in previous studies (Hilger et al., 2020; Jockwitz et al., 2024; Kramer et 

al., 2024; Rasero et al., 2021; Schulz et al., 2024). Nevertheless, Study 3 revealed that models 

integrating multiple lifestyle and psychosocial factors capture distinct brain differences compared 

with models that consider a single lifestyle/psychosocial factor. The former synthesizes more 

comprehensive and richer information, thereby accounting for greater variance in figural memory 

prediction. This finding may offer insights into further refining and developing personalized 

prediction models. 

The limited predictive performance observed across BF-Lifemulti, BF-Lifesingle, and fully 

data-driven models suggests that cognitive performance in healthy aging is unlikely to be 

determined by a single neural mechanism. Rather, it may reflect the combined influence of multiple 

neural, environmental, and demographic factors. This view is partly supported by the increase in 

explanatory power from 13% to 23% after incorporating demographic variables into the BF-Lifemulti 
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model. Against this backdrop, the limited predictive performance of models relying solely on 

neuroimaging features illustrates the inherent heterogeneity and multidimensional nature of healthy 

aging. 

Taken together, the three studies systematically examined brain individual differences at 

associative, mechanistic, and predictive levels, demonstrating the important role of heterogeneity 

in understanding cognitive aging. Variability in the connectome reflects differences in large-scale 

brain network organization and provides a critical level for elucidating complex relationships among 

lifestyle and psychosocial factors and cognitive performance. This individual-differences-centered 

integrative perspective helps shift the study of healthy aging away from descriptions of “average 

trajectories” toward an understanding of diverse pathways of cognitive aging. 
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6.2 Methodological Considerations 

The three studies included in this dissertation address individual differences in a distinct modeling 

framework. Studies 1 and 2 operate within an explanatory framework that models associations 

between variability in structural and functional connectivity and lifestyle/psychosocial, cognitive 

variables, and network organization characteristics. Study 2 further incorporates repeated 

measurements to estimate intra-individual variability in connectivity over time, thereby introducing 

a longitudinal component into the variability framework. In contrast, Study 3 adopts a predictive 

modeling strategy by constructing feature sets derived from lifestyle/psychosocial-informed brain 

differences and evaluating their added value to predict individual cognitive differences. 

Across Studies 1 and 2, inter-individual differences in structural connectivity showed more 

stable and consistent effects across statistical models than those observed for functional connectivity. 

This discrepancy may partly reflect modality-specific measurement characteristics. Structural 

connectivity estimates reflect anatomical pathway configurations that are relatively stable across 

sessions (e.g., Buchanan et al.), whereas resting-state functional connectivity reflects temporally 

varying patterns of neural co-activation and may contain a larger state-related component (e.g., 

Noble et al., 2019). In cross-sectional analyses, such differences in variance composition may 

influence the stability of association estimates. Moreover, the linear modeling approaches applied 

in the present studies assume linear and additive relationships, which may not fully capture more 

complex or non-linear variance structures in functional connectivity (Smith et al., 2011), 

particularly given the coexistence of multiple mechanisms in brain function during aging (e.g., 

Cabeza et al., 2018). Accordingly, differences observed between structural and functional results 

should be interpreted with consideration of measurement reliability and analytical constraints 

inherent to each modality, rather than attributed solely to distinct underlying aging mechanisms. 

Under the assumption of multi-subtype brain and cognitive aging, Study 3 adopts an 

intermediate methodological strategy situated between hypothesis-driven approaches (e.g., ROIs 

predefined based on theory or prior evidence) and fully data-driven predictive modeling, with 

embedded information-guided feature selection. We employed clustering and group-comparison 

statistical methods to capture brain differences related to lifestyle and psychosocial factors, thereby 

exploring multimodal brain features reflecting composite lifestyle and psychosocial patterns. This 
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approach reduces feature dimension and minimizes overfitting risk while maintaining flexibility to 

test the generalization of group-level behavior–brain associations to individual cognitive prediction 

(e.g., Mattoni et al., 2025; Yarkoni & Westfall, 2017). Although predictive performance remains 

limited, the primary value of this analysis lies in offering an initial methodological exploration of 

how explanatory and predictive perspectives might be bridged in cognitive aging research. 

Several methodological limitations should be considered when interpreting the present 

findings. First, although all three studies are based primarily on a cross-sectional design, which 

reflects pragmatic trade-offs among sample size, age coverage, and feasibility, rather than a 

disregard for developmental inference. Even though Study 2 incorporated longitudinal data to 

estimate intra-individual variability, and Study 3 used baseline MRI measures to predict follow-up 

cognitive outcomes, the analytical framework does not permit strong conclusions regarding 

temporal ordering or causal mechanisms. As such, observed associations should be interpreted as 

age-related differences rather than within-person developmental trajectories (Raz & Lindenberger, 

2011; Salthouse, 2011). 

Second, IV of connectivity was operationalized using correlation-based dissimilarity 

metrics derived from Pearson correlations. While this method has been applied in studies of 

connectome similarity and individual differences due to its similarity and interpretability (e.g., 

Huang et al., 2025; Sun et al., 2022; Zhu & Qiu, 2022), it captures only a single statistical dimension 

of neural variability with a linear assumption, and fails to reflect the direction of the variance, such 

as whether relative groups exhibit positive or negative bias. Furthermore, inter-IV is a relative 

metric; its estimation must be interpreted within a group framework. For example, an individual 

aged 65 may exhibit significant inconsistencies between their inter-IV estimate within the 55-65 

age group and their estimate within the 65-85 age group. Alternative approaches—including rank-

based measures (e.g., Spearman correlation), angular similarity (e.g., cosine distance used in 

Karahan et al., 2022), variance-based indices, and generative modeling (Liu et al., 2020)—may 

reveal additional dimensions of inter- and intra-individual variability not accessible within the 

current framework. 

Third, across the present set of studies, we primarily included age, sex, and education as 

covariates. Although these variables account for major demographic influences, other biological 

and contextual factors—such as genetic factors, socioeconomic context, baseline health status, 
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vascular and metabolic conditions, and medication use—may contribute to both neural and 

behavioral measures. In addition, imaging-related measurement confounds (e.g., head motion) may 

introduce systematic bias into brain metric estimates despite standard correction procedures. 

Therefore, a restricted covariate framework is insufficient to capture the multivariate complexity of 

brain–behavior associations, a limitation emphasized in large-scale methodological discussions 

(Genon et al., 2022). Future research incorporating broader biological, environmental, and 

methodological controls will be necessary to clarify the specificity and potential mechanisms 

underlying brain heterogeneity and cognitive aging. 

Fourth, from the perspective of generalizability and reproducibility, the present findings 

should be interpreted cautiously. Differences in factors such as cohort characteristics, imaging 

parameters, preprocessing pipelines, white matter fiber tracking methodology, brain atlas, definition 

of brain connectivity, and cognitive assessments may introduce potential sources of system error or 

bias. Future work would benefit from replication in independent cohorts, cross-sample validation, 

and systematic assessments of methodological robustness to establish the stability of these effects 

across research contexts (Botvinik-Nezer & Wager, 2023; Dubois & Adolphs, 2016; Nath et al., 

2020). 

Fifth, measurement constraints apply to both cognitive and lifestyle/psychosocial variables. 

Executive control was assessed using a single behavioral measure derived from the Trail Making 

Test (TMT B–A). This measure is widely used and has been shown to be sensitive to age-related 

differences in executive control (Sanchez-Cubillo et al., 2009; Tsiakiri et al., 2024). However, it 

may not fully capture the multidimensional structure of executive control function. In addition, 

lifestyle and psychosocial variables were self-reported, which may introduce recall or social 

desirability bias (Franz et al., 2021; Licher et al., 2019); however, such measures are commonly 

used and have demonstrated acceptable validity and reliability (Del Boca & Darkes, 2003). Future 

work would benefit from multi-task cognitive batteries, latent-variable approaches, and objective 

behavioral assessments. 

Finally, the sample consisted of a relatively homogeneous group of older German adults 

with respect to educational background, with a substantial proportion of participants holding a high 

school degree qualifying for university admission. While this homogeneity may reduce 

sociocultural confounding and increase statistical power, it limits generalizability to more diverse 
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populations (Lakes, 2013). Given the close association between education and cognition, future 

studies should examine the findings of the present study in educationally and culturally diverse 

cohorts (Zvonarev et al., 2020). 
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6.3 Summary 

This dissertation advances a systems-level perspective on brain heterogeneity in cognitive aging by 

examining individual variability in brain connectivity and its associations with behavioral and 

cognitive factors, as well as network organization. It further evaluates the extent to which 

information-guided multimodal brain features contribute to individualized cognitive prediction. 

Results indicate that greater inter-individual variability of connectivity is correlated with 

unfavorable lifestyle/psychosocial factors and is associated with poorer non-verbal cognitive 

performance. This association is more pronounced in structural connectivity and varies across age 

groups. These findings are consistent with the STAC-r framework, suggesting differential neural 

resource availability or scaffolding processes related to health risk factors during aging. 

Furthermore, inter-individual variability in connectivity statistically accounted for part of 

the association between large-scale network segregation and executive control. This pattern was 

consistently observed across several cortical networks in structural connectivity and showed larger 

conditional effects at higher age values, whereas the corresponding effects in functional connectivity 

were less consistent. In contrast, intra-individual variability in functional connectivity showed only 

a weak and isolated association within the visual network. These findings are broadly consistent 

with the neural dedifferentiation framework and refine our understanding of how network 

organization relates to cognitive function in aging. 

Finally, from a predictive perspective, an information-guided model using multimodal brain 

features reflecting a composite of lifestyle and psychosocial patterns demonstrated moderate and 

domain-specific predictive value, particularly for figural memory, but showed limited longitudinal 

generalizability and did not outperform fully data-driven models. This distinction between 

explanatory associations and predictive performance underscores the challenges of translating 

group-level findings on brain heterogeneity into reliable individualized prediction. 

In summary, this dissertation highlights brain heterogeneity as a meaningful dimension of 

cognitive aging. The limited translation of explanatory findings into individualized prediction 

suggests that static cross-sectional measures may not fully capture the brain–cognition dynamic 

relationships, calling for more integrative and longitudinal research frameworks. 
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