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1 Summary

Aging populations worldwide are widening the gap between lifespan and healthspan, underscoring the
need for early, scalable markers of organismal health and intervention targets before overt clinical
decline. Hand grip strength (HGS) has emerged as a highly reliable and low-cost predictor of system-
wide factors such as frailty, cognitive decline, and mortality. Despite its simplicity and clear
musculoskeletal determinants, explaining its system-wide predictive value requires a deeper
understanding of underlying brain-level neurobiological architectures, which is currently lacking. This
thesis addresses this gap by investigating generalizable neural predictors of HGS using machine learning
(ML) with large-scale, multi-modal neuroimaging data, grounded in methodological foundations for
interpretable brain-behaviour prediction.

A critical review of methodological constraints and potential mitigation strategies in
observational neuroimaging-based ML studies was conducted to promote more reliable and
generalizable brain-behaviour predictions and interpretations (Study 1). Such studies can be hampered
by pitfalls including data leakage, site-effects in multi-site datasets, misleading post-hoc model
interpretations arising from feature multicollinearity, and model bias due to confounding. Strict out-of-
sample evaluation and clustering-based interpretation to deal with feature multicollinearity were
identified as suitable solutions. To support principled confounder selection, a theoretically informed but
empirically pragmatic 3-step approach was developped (Study 2). The proposed approach integrates
methdology from causal inference - domain knowledge, directed acyclic graphs, and respective graph
rules - with associative data-driven modeling.

Building on these foundations, a comprehensive, interpretable multi-modal predictive workflow
revealed generalizable, system-level neuroimaging predictors of HGS in a large, healthy cohort from
the UK Biobank (Study 3). Across modeling approaches, microstructural integrity — particularly in
ascending medial lemniscus, thalamic radiations, and associative white-matter pathways — as well as
subcortical gray matter volume (GMV), mainly in the anterior globus pallidus, emerged as relevant
contributors. In contrast, cortical structural measures and functional imaging features contributed little
to predictive performance. Collectively, these findings position HGS as a behavioural readout of the
brain’s capacity to coordinate, and integrate information across motor, sensory, cognitive, and
motivational systems, rather than a purely peripheral muscle measure or an isolated motor output.

In sum, this thesis establishes a framework for neurobiologically interpretable large-scale brain-
behaviour prediction and applies it to elucidate why HGS functions as a powerful marker of global
health. By intergating methodological rigor with system-level neuroimaging, it demonstrates how
simple behavioural phenotypes can serve as informative windows into the functioning and integrity of
distributed neural architectures. Future work should determine whether identified HGS-linked neural
signatures provide better or earlier prognostic and interventional value than the behavioural measure

itself.



2 Zusammenfassung

Die weltweit alternde Bevolkerung vergroBert die Kluft zwischen Lebensdauer und Gesundheitsspanne
und unterstreicht damit die Notwendigkeit von friihzeitigen, skalierbaren Markern fiir die Gesundheit
des Organismus, sowie Interventionsziele vor einem offensichtlichen klinischen Verfall. Griffkraft hat
sich hierbei als zuverldssiger und kostengilinstiger Priadiktor fiir systemweite Faktoren wie
Gebrechlichkeit, kognitiven Verfall und Mortalitdt herausgestellt. Trotz ihrer Einfachheit und klaren
muskuloskelettalen Determinanten erfordert die Erklidrung ihres systemweiten Vorhersagewerts ein
tieferes Verstdndnis der zugrundeliegenden neurobiologischen Architekturen auf Gehirnebene, was
derzeit fehlt. Diese Arbeit befasst sich mit dieser Liicke, indem sie verallgemeinerbare, neuronale
Priadiktoren fiir Griftkraft unter Verwendung maschinellen Lernens (ML) mit groB angelegten,
multimodalen neuronalen bildgebenden Daten untersucht und gleichzeitig auf methodischen

Grundlagen fiir interpretierbare des Gehirn-Verhalten Vorhersagen basiert.

Es wurde eine kritische Uberpriifung der methodischen Einschrinkungen und potenziellen
Verhinderungsstrategien in observationalen, auf neuronaler Bildgebung basierenden ML-Studien
durchgefiihrt, um zuverldssigere und verallgemeinbarere Vorhersagen und Interpretationen des Gehirn-
Verhaltens zu fordern (Studie 1). Solche Studien koénnen durch Datenlecks, Standorteffekte in
Datensitzen mit mehreren Standorten, irrefithrende post-hoc Modellinterpretationen aufgrund von
Multikollinearitét von Featuren, sowie Modellverzerrungen aufgrund von Kovariaten behindert werden.
Als geeignete Losungen wurden eine strenge out-of-sample Evaluierung und eine Clustering basierte
Interpretation zur Behandlung der Multikollinearitit von Featuren identifiziert. Um eine korrekte
Auswahl von Kovariaten zu unterstiitzen, wurde ein theoretisch fundierter, aber empirisch
pragmatischer 3-Stufen-Ansatz entwickelt (Studie 2). Der vorgeschlagene Ansatz integriert Methoden
aus der kausalen Inferenz — Doménenwissen, gerichtete azyklische Graphen und entsprechende

Graphregeln — mit assoziativer datengesteuerter Modellierung.

Auf dieser Grundlage gab ein umfassender interpretierbarer, multimodaler pradiktiver ML-
Arbeitsablauf Einblicke in verallgemeinerbare und systemische neuronaler Pradiktoren fiir Griffkraft in
einer groBen, gesunden Kohorte der UK Biobank (Studie 3). Uber alle Modellierungsansitze hinweg
erwiesen sich die mikrostrukturelle Integritit — insbesondere im aufsteigenden medialen Lemniscus, der
Thalamusstrahlung und assoziativen Bahnen weiler Substanz — sowie das Volumen der subkortikalen
grauen Substanz, hauptsdchlich im anterioren Globus Pallidus, als relevante Einflussfaktoren. Im
Gegensatz dazu trugen kortikale Strukturmafe und funktionelle Bildgebungsmerkmale nur wenig zur
Vorhersageleistung bei. Zusammengenommen positionieren diese Ergebnisse Griffkraft als
Verhaltensindikator fiir die Féhigkeit des Gehirns, Informationen iiber motorische, sensorische,
kognitive und motivationale Systeme hinweg zu koordinieren und zu integrieren, und nicht als rein

peripheres MuskelmaR oder isolierte motorische Leistung.

II



Zusammenfassend ldsst sich sagen, dass diese Arbeit einen Rahmen fiir neurobiologisch
interpretierbare groB} angelegte Gehirn-Verhalten Vorhersagen schafft und diese nutzt, um zu erkléren,
warum Griffkraft als aussagekréftiger Indikator fiir allgemeine Gesundheit fungieren kann. Durch die
Integration methodischer Genauigkeit mit neuronaler Bildgebung auf Systemebene zeigt sie, wie
einfache Verhaltensphénotypen als informative Einblicke in die Funktionsweise und Integritét verteilter
neuronaler Architekturen dienen konnen. Zukiinftige Arbeiten sollten kldren, ob identifizierte
Griftkraft-bezogene neuronale Signaturen einen besseren oder fritheren prognostischen und

interventionellen Wert bieten als die Verhaltensmessung selbst.
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3 List of Abbreviations

AD Alzheimer’s Disease

aGP anterior Globus Pallidus
ATR Anterior Thalamic Radiation
CNS Central Nervous System
CST Corticospinal Tract

Ccv Cross-Calidation

DAG Directed Acyclic Graph
DWI Diffusion-Weighted Imaging
FA Fractional Anisotropy

GMV Gray Matter volume

GPi Globus Pallidus internus
HGS Hand Grip Strength

ISOVF Isotropic Volume Fraction
LGN Lateral Grasping Network
Ml Primary Motor Cortex

MCP Middle Cerebellar Peduncle
MD Mean Diffusivity

ML Machine Learning

MO Diffusion Tensor Mode

OD Orientation Dispersion Index
pGP posterior Globus Pallidus
rs-fMRI resting-state functional MRI
RST Reticulospinal Tract

S1 Primary Somatosensory Cortex
SLF Superior Longitudinal Fasciculus
SMA Supplementary Motor Area
SMG Supramarginal Gyrus

sMRI structural MRI

STN Subthalamic Nucleus

STR Superior Thalamic Radiation
UKB UK Biobank

vPMC ventral Premotor Cortex

WMH White Matter Hyperintensities



4 Introduction

Populations worldwide are aging (World Health Organization, 2025), leading to a growing emphasis
not only on extending lifespan, but on promoting healthspan - the ability to live longer lives in good
physical, cognitive, and functional health. However, health- and lifespan to date often exhibit a
pronounced gap (Garmany & Terzic, 2025; Gianfredi et al., 2025). While improved sanitation, nutrition
and advances in medicine have substantially increased longevity, aging is accompanied by gradual
declines across multiple physiological systems, ultimately increasing vulnerability for frailty, disability,
and disease (Gianfredi et al., 2025). A central challenge in aging research is therefore identification of
early, reliable markers that reflect the integrity of underlying biological systems before overt clinical

decline becomes apparent.

Health is an inherently multi-faceted construct and difficult to capture with a single measure.
Multiple biological systems like physical capacity, cognitive function, and neurological integrity jointly
determine an individual’s ability to maintain daily functioning and resilience to disease. These domains
interact in complex ways, and their trajectories of change and decline are highly heterogeneous across
individuals. This heterogeneity complicates both the assessment of current health status and the
prediction of future deterioration. In this context, there is a need for simple, scalable, and robust

behavioral phenotypes that capture the integrated functioning of multiple biological systems.

Motor performance has emerged as a class of such integrative behavioral phenotypes (Marin-
Jiménez et al., 2022). It is commonly defined as the execution of tasks requiring coordinated muscle
activity (Spirduso & MacRae, 1990). Motor function as the underlying concept, involves complex
physiological processes and requires the integration of multiple systems including neuromuscular,
musculoskeletal, cardiopulmonary, neural motor, and sensory-perceptual systems (Barnes et al., 2025).
Motor performance includes voluntary control of both fine and gross motor functions including
dexterity, strength, balance, locomotion, and endurance and requires the interaction of multiple body
systems, including the nervous, muscular, cardiovascular, and sensory-perceptual systems (Barnes et
al., 2025). It hence serve as an umbrella term encompassing a wide range of motor outcomes. Measures
of motor function are easy to obtain in a non-invasive manner, show robust associations with diverse
health outcomes, but function itself consistently declines with advancing age (Buchman et al., 2007;
Hunter et al.,, 2016; Marin-Jiménez et al., 2022; Spirduso & MacRae, 1990). Importantly, the
associations extend to the cognitive domain. Impairments in fine motor function (visuomotor
integration, manual dexterity) and multisensory processing (hearing, vision, vestibular, proprioception,
olfaction) have been linked to cognitive dysfunction (Sayyid et al., 2024) and altered patterns in gross
motor function, such as gait speed, may precede mild cognitive impairment (Buracchio et al., 2010) and
show sensitivity to Alzheimer’s disease (AD) pathology (Q. Tian et al., 2017, 2018; Verghese et al.,

2002). Measurable declines in motor performance begin as early as midlife (~40 years) and accelerate



after approximately 65 years of age, highlighting their potential utility as preclinical indicators of health
deterioration (Hunter, 2025; Spirduso & MacRae, 1990).

Among motor performance measures, hand grip strength (HGS) has received particular attention
as a remarkably robust and versatile indicator of a large battery of focal and global health-related
outcomes, spanning overall muscular strength, morbidity, cognition, and mortality (Chai et al., 2024;
Gale et al., 2007; Ling et al., 2010; Rijk et al., 2016; Sasaki et al., 2007). Beyond reflecting peripheral
musculoskeletal function, HGS depends on the integrity of distributed neural systems involved in motor
planning, execution, and sensorimotor integration (Bello et a., 2021; Pruves et al., 2001; Surgent et al.,
2023; Monte et al., 2003; Davis et al., 2022; Richardson et al., 2017; Borich et al., 2016; Bolognini et
al.,2017) (Bello et al., 2021; Bolognini et al., 2016; Borich et al., 2015; Carson, 2018; Davis et al., 2022;
Purves, Augustine, Fitzpatrick, Hall, et al., 2001; Richardson et al., 2016a; Surgent et al., 2023), as well
as on central processes related to attention, motivation, and fatigue (Cass et al., 2024; J. Firth et al.,
2018; Ganipineni et al., 2023; Rinne et al., 2018). As such, HGS captures variance that is shared across
motor, cognitive, and neurological domains, making it a sensitive proxy for both motor performance
and broader brain and body health. Building on previous evidence, this thesis investigates the neural
basis of motor performance - operationalized through HGS - as a marker and predictor of general (e.g.
frailty, risk for falls, morbidity etc.), mental (e.g. depression, psychosis) and cognitive (e.g. different
types of dementia but also memory, attention, executive functioning) health and overall brain integrity
(Duchowny et al., 2022; Ganipineni et al., 2023; Jiang, Westwater, et al., 2022; Shang et al., 2021; H.
B. Ward et al., 2025). Thus, investigating the relationship between HGS and brain integrity can enable

the joint assessment of aging processes and vulnerability to cognitive and neuropsychiatric disorders.

The use of machine learning (ML) methods together with recently available large-scale
population neuroimaging data is necessary to capture the complex, multivariate relationships between
HGS and brain integrity. ML approaches enable modeling of high-dimensional neural features,
nonlinear effects, and interactions that cannot be adequately addressed with traditional univariate
analyses. Furthermore, when properly implemented, ML models learn generalizable patterns, thereby
enabling robust population-level inference and prediction. However, they also introduce unavoidable
methodological challenges arising from biological coupling, high data dimensionality, and population
heterogeneity, including confounding by age, sex, and general health status, as well as further mitigation
of pitfalls in predictive modeling. This thesis directly addresses these challenges by proposing and
implementing conceptually sound approaches to obtaining generalizable models, rigorously handling

confounding effects, and neurobiologically interpreting model behavior.

The following sections develop these considerations in greater depth by situating motor
performance in general and HGS in particular within current models of brain and general health and

introducing respectively relevant neuroanatomical and physiological underpinnings.



4.1 Motor performance as a window into brain and general health

Motor behaviour constitutes the primary effector output of the central nervous system (CNS),
serving as a functional interface between internal physiological integrity and environmental interaction
(Wolpert & Flanagan, 2001). Moving beyond traditional musculoskeletal interpretations, contemporary
research characterizes motor performance as a systemic readout of fundamental biological processes,
including the integrity of distributed neural architectures (Zapparoli et al., 2022). This perspective
positions motor performance as a phenotypic window onto cross-domain functional declines that may
precede overt clinical symptoms (Marin-Jiménez et al., 2022). Furthermore, the inherent plasticity of
motor control systems (Roth & Ding, 2024; Sadowski, 2008; Sanes & Donoghue, 2000) suggests that
motor performance is not merely a prognostic or diagnostic marker but also a potent interventional target
(Bolognini et al., 2009; Inoue & Nishimune, 2023). Given the relevance of neural architectures,
enhancing our understanding of motor-brain interdependencies is thus critical for developing
rehabilitative strategies aimed at maintaining or restoring systemic health across the lifespan (Garmany

& Terzic, 2025; Hunter, 2025; Zhang et al., 2025).
4.1.1  Motor performance as a fundamental output of integrated body systems

Motor behavior represents one of the most fundamental outputs of biological systems. Even
seemingly simple movements require a coordinated interaction of multiple components, including
central and peripheral neural circuits, sensory feedback pathways, musculature, and metabolic and
cardiovascular support. Thereby, effective motor performance is the culmination of a complex,
integrated system involving high-level cognition, sensory feedback processing, and precise neural
execution (Gibson & Noakes, 2004; Leisman et al., 2016; Riemann & Lephart, o. J.; Shi & Feng, 2022;
Spampinato & Celnik, 2021; Winter et al., 2022). From a neuroanatomical perspective, motor output is
organized across multiple hierarchical levels. Cortical regions, specifically the primary motor (M1),
premotor, and supplementary motor areas, are involved in movement planning, selection, and initiation
(Halsband et al., 1994; He et al., 1993, 1995; Purves, Augustine, Fitzpatrick, Hall, et al., 2001; Roland
et al., 1980). M1 thereby receives and integrates input from a range of cortical and subcortical regions
and is the final cortical processing site for voluntary motor commands, before they descend to the spinal
cord (Stinear et al., 2009). Subcortical structures and circuits, especially the basal ganglia act through
gate-keeping mechanisms that select or inhibit motor programs or prepare upper motor neuron circuits
for initiation of movements (Purves, Augustine, Fitzpatrick, Hall, et al., 2001). Beyond, the motor-
thalamus serves as strategic node integrating subcortical inputs to facilitate action initiation and speed
(Bosch-Bouju et al., 2013; Dacre et al., 2021; Takahashi et al., 2021). Cerebellar circuits support
coordination, timing and error correction necessary for fluid execution (Purves, Augustine, Fitzpatrick,
Hall, et al., 2001), by modifying activtiy patterns of upper motor neurons (Purves, Augustine,
Fitzpatrick, Katz, et al., 2001a). Descending pathways, such as the corticospinal tract (CST) transmit

signals from the primary and secondary motor cortices to the brain stem and spinal cord (Javed et al.,



2018). This feed-forward system is continuously refined by somatosensory and prorioceptive afferents
(Chakrabarty & Martin, 2011; Moreno-Lopez et al., 2016), such as the medial lemniscus, which ensures
adaptive calibration, correction and adjustment to environmental requirements (Navarro-Orozco &

Bolly, 2018).

Beyond the involvement of isolated motor structures and circuits, the Scaffolding Theory of
Maturation, Cognition, Motor Performance, and Motor Skill Acquisition (Klotzbier & Schott, 2025)
posits that motor behaviour interacts with a variety of other brain outputs. According to this theory,
motor and cognitive processes do not operate in isolation but develop, interact and decline
bidirectionally across the lifespan, i.e. a decline in one domain often predicts decline in the other (Basile
& Sardella, 2021). Vice versa, a variety of physical fitness regimens have been shown to improve
cognition in aging individuals, as well as to delay the onset of dementia in the cognitively impaired
(Ahlskog et al., 2011; Berryman et al., 2013; Guiney & Machado, 2013; Guo et al., 2017; Voelcker-
Rehage & Niemann, 2013). On the neuronal level this is supported by broad evidence that motor
behaviour also includes the recruitment of extra-motor structures and networks both in healthy subjects
and in motor recovery, for example after stroke (e.g. Guo et al., 2017; Johnson et al., 2017; Lam et al.,
2018; Mattos et al., 2023; Park et al., 2011; Rezaei et al., 2025). Alterations in motor performance may
arise from dysfunction in any of the motor, but also extra-motor levels. This makes motor behaviour a

sensitive, early indicator of system-wide neuronal change.

In the context of senescence, motor performance is uniquely vulnerable to age-related
alterations. Aligning with the system-level informativeness of motor control, longitudinal evidence
suggests that declines in motor velocity, coordination, and manual strength often precede measurable
impairments in episodic memory or executive function (Beauchet et al., 2014; Camicioli et al., 1998).
Additionally, it can serve as a predictor of cognitive decline, dementia and functional performance
before overt clinical symptoms become apparent (Bekena et al., 2025; Fugiel et al., 2025; Xie et al.,
2025). Crucially, these motoric changes are not solely attributable to age-related sarcopenia or peripheral
physiology. Instead, among others, they involve and reflect reduced and more variable synaptic inputs
that drive motor neuron activation, fewer and larger motor units (Hunter et al., 2016), reductions in
corticospinal excitability, degeneration and altered biophysical characteristics of motor neurons (e.g.
Clark, 2019) as well as alterations in neural micro-structure, specifically reduced white matter tract
integrity (Oschwald et al., 2021). The motor system thus exhibits sensitivity to early-stage
neurodegeneration and cerebrovascular pathology that may remain undetected by standard cognitive
batteries (Buchman & Bennett, 2011). This shows that motor control is deeply integrated with
neurocognitive processes of aging. Accordingly, Zapparoli et al. (2022) argue that “any neurocognitive

model of aging not considering the motor system is, ipso facto, incomplete”.

Overall, motor assessments offer an ecologically valid, non-invasive phenotype of brain health,
whereby motor behaviour acts as a functional readout of the brain's "scaffolding" capacity - the ability
to recruit compensatory neural resources in response to age-related structural degradation. This positions

4



motor behaviour as a systemic primary domain for investigating the trajectories of healthy and

pathological aging.
4.1.2  Hand grip strength as a reliable, versatile and widely used health marker

While motor performance is inherently multidimensional - spanning domains of dexterity,
strength, postural control, balance, and coordination - the utility of motoric markers in large-scale
neuroimaging and epidemiological research necessitates a robust and scalable operationalization. Within
this landscape, maximal HGS has emerged not merely as a measure of localized isometric force, but
also as a high-fidelity proxy for global neuromuscular integrity and systemic biological processes
(Bohannon, 2019). HGS hereby refers to maximum force production in one hand as administered in a
power grip, a movement that consists of flexing the fingers to allow to grasp heavy objects for their
large displacement or to hold on something and maintain our body position. In contrast, precision grip
targets the manipulation of small objects with a high level of detail (Landsmeer, 1962; Long et al., 1970;
Quattrocchi et al., 2024). Recent evaluations suggest that simpler indices, such as absolute maximum or
average HGS, provide the most reliable parameters for capturing this underlying construct (Chai et al.,
2024). The superior psychometric properties of HGS additionally make it a prominent tool in clinical
and population-based cohorts. HGS protocols are highly standardized, cost-effective, and demonstrate
exceptional test-retest reliability across diverse demographic strata (Bohannon, 2019; Gell et al., 2024;

Roberts et al., 2011).

Physiologically, HGS is influenced by structural and functional integrity of the upper limb’s
musculoskeletal system, directly linked to lean muscle mass in the forearms and hands (Abe &
Loenneke, 2015; Lawman et al., 2016; Vaishya et al., 2024). However, absolute mass is often less
critical than muscle quality, which can be compromised by myosteatosis (intramuscular fat infiltration)
or shifts in fibre type, leading to functional declines even when mass is preserved (Wen et al., 2023).
Additionally, low HGS is one of the components of diagnosis of sarcopenia (Fielding et al., 2011), a
generalised muscle disorder associated with increased likelihood of falls, fractures, and physical
disability (Cruz-Jentoft et al., 2019; Hunter, 2025). This muscular capacity is intrinsically tied to bone
structure, where higher HGS was found to be associated with better bone mineral density (Amante-da-
Rosa-Cardoso et al., 2025; Song et al., 2022). Furthermore, force transmission is mediated by joint and
connective tissue health, as for example seen through reduced HGS in individuals with arthritis
(Dedeoglu et al., 2013; Haugen et al., 2021). Anthropometric and biomechanical factors further
influence HGS, where proprioceptive joint position sense, HGS, and anthropometric measures such as
forearm length or wrist circumference correlate (Abalay et al., 2024). From this perspective, HGS can
be viewed as a measure of peripheral motor capacity reflecting the structural integrity of the

musculoskeletal system.

However, while musculoskeletal factors can constrain maximal HGS, they do not fully account

for the high degree of variance in HGS across the lifespan. In fact, muscle force generated during HGS



assessments in older adults is around half of what would be expected if the skeletal musculature itself
were fully activated, a discrepancy mainly attributable to age-related neural deficits (Clark, 2019;
McGrath et al., 2020; Shinohara et al., 2003). Neuromuscular function at the spinal level can partially
contribute to these neural influences. However, peripheral musculoskeletal and motor components
mainly represent the execution phase of a complex command chain and cannot provide explanations for
its broader systemic associations. A key clinical and scientific value of HGS lies in its profound
predictive validity. Low HGS is consistently associated with an increased risk of all-cause mortality,
frailty syndromes, physical disability, morbidity and cardiovascular events (Bohannon, 2019;
Dudzinska-Griszek et al., 2017; Reeve 1V et al., 2018; Syddall et al., 2017). Notably, the prognostic
power of HGS can surpass that of traditional clinical markers. For instance, the PURE
study demonstrated that HGS is a stronger predictor of all-cause and cardiovascular mortality than
systolic blood pressure, with every 5-kg decrement in strength corresponding to a significantly higher
hazard ratio for early death regardless of socioeconomic context (Leong et al., 2015). This systemic
sensitivity is further evidenced by the relationship between HGS and cellular aging. Weaker grip
strength is significantly associated with accelerated DNA methylation age - an epigenetic marker of
biological vs. chronological age - indicating that HGS reflects the rate of physiological erosion at a
molecular level (Peterson et al., 2023). The utility of HGS extends into the cognitive domain, where it
can serve as a sensitive indicator of neurodegenerative risk as lower HGS has been linked to a heightened
risk of transitioning from mild cognitive impairment to Alzheimer’s disease (Fritz et al., 2017; McGrath
et al., 2020). By mirroring these physical, cognitive, and epigenetic dimensions, HGS functions as a
robust, non-invasive phenotype of biological resilience and non-fragility. These multi-systemic
associations and the widespread evidence that measures of HGS have in predicting future adverse health
events (McGrath et al., 2020) cannot be explained by musculoskeletal or peripheral neuromuscular
function alone. Therefore, they provide the impetus for investigating the specific neural architectures

that support HGS at the brain-level.

4.2 Neuroanatomical and physiological underpinnings of hand grip strength

The characterisation of HGS as a systemic health marker is fundamentally rooted in the
involvement of an expansive, multi-level neural architecture. Unlike task-specific learned motor
sequences, the generation of maximal isometric force (capacity to produce force with a voluntary muscle
contraction that maintains the muscle’s length (Gallagher et al., 2000)) represents a system-wide
recruitment of distributed but specific motor and modulatory resources, requiring the synchronized

activation of spinal, supraspinal, subcortical and cortical circuits.
4.2.1 Phylogenetic layering and the evolution of grasping

Grasping constitutes a phylogenetically conserved, foundational motor capacity that emerges
early in human development, predating the emergence of cortically dominated voluntary control. In

humans, this is evidenced by the palmar grasp reflex, a vestigial mechanism mediated predominantly by

6



spinal and brainstem circuits rather than higher-order cortical planning (Capute & Accardo, 1996; Futagi
et al., 2012; Marques De Moraes et al., 2017). This primitive ability matures into a complex voluntary
motor pattern as supraspinal centres myelinate and develop sophisticated control (Capute & Accardo,
1996), i.e. volitional grip strength in adulthood reflects the cortical appropriation of this evolutionarily
older substrate (Stephens-Sarlos et al., 2025; Zafeiriou, 2004). This layered organization and
developmentally and evolutionary persistence suggests a robust neural architecture of HGS, robust to

focal cortical damage by prioritizing efficiency and redundancy over isolated specialization.
4.2.2  Cortical control

At the cortical level, HGS generation is governed by a distributed network where the M1 acts
as the principal executive hub (Bello et al., 2021). Activity in M1 scales linearly with force output,
encoding force magnitude through population firing rates and force-dependent oscialltory dynamics
(Purves, Augustine, Fitzpatrick, Hall, et al., 2001). A defining feature of maximal HGS is its dependence
on intracortical disinhibition. To achieve peak force, the CNS must temporarily suppress the tonic
inhibitory signals within M1 that typically prevent muscular overstrain. Research using transcranial
magnetic stimulation demonstrates that maximal power grips involve a significant reduction in short
interval intracortical inhibition compared to precision grips (Duval et al., 2024; Federico & Perez, 2017;
Tazoe & Perez, 2017). This intracortical inhibition-excitation balance is crucial as only a transient
reduction of intracortical inhibition enables increased corticospinal output, supporting maximal force

production (Ding et al., 2019; Ferreiro De Andrade & Conforto, 2018; Ni et al., 2007).

On a network level, M1 is part of the lateral grasping network (LGN), which is additionally
comprised of the ventral premotor cortex (VPMC) and the supramarginal gyrus (SMG) (Surgent et al.,
2023). The LGN contributes to the generation of grip force through the integration of polymodal
sensory, contextual and motor information (Borra et al., 2017; Surgent et al., 2023). Beyond the vPMC,
secondary motor areas in general, including the premotor cortex and supplementary motor areas (SMA)
play a role in planning, scaling, coordinating and modulating grip force, whereby higher task difficulty
or force demands are mirrored by higher activity in these regions (Kulwattho et al., 2025). SMA regions
are also involved in inhibitory-excitatory balance. During high-force contractions, inter-hemispheric
functional connectivity between bilateral SMAs modulates the motor drive, a mechanism that becomes
increasingly critical during fatigue or in the presence of CST compromise (N. S. Ward et al., 2007,
Welniarz et al., 2019). Bidirectional interactions between M1 and primary somatosensory cortex (S1)
further shape force scaling and grip stability by integrating afferent feedback into ongoing motor
commands. Impairment of this interaction, for example through cortical deafferentiation was seen to not
just impair precision but result in reduced maximal force (Borich et al., 2015; Davis et al., 2022; Monzée

et al., 2003; Richardson et al., 2016b).



4.2.3  Structural connectomics and white matter efficiency

The translation of cortical commands into physical force depends strongly on the structural and
functional integrity of various white matter tracts. The descending CST originates from different cortical
areas, including core-motor but also extra-motor areas (Lemon, 2008). In its most classic motor function,
it serves as the major pathway conveying force-related commands from the cortex to spinal motor
neurons through the excitation and inhibition of motoneurons and the descending control of afferent
inputs (Lemon, 2008; Tazoe & Perez, 2017). As seen in injury studies, such as after stroke, the integrity
of the CST influences how M1 and secondary regions adapt during increased force demands, underlying
its essential involvement in power grip execution (N. S. Ward et al., 2006, 2007). The reticulospinal
tract (RST) forms another relevant descending motor pathway, reaching from the pontine reticular
formation of the brainstem to the spinal cord. It provides a relatively diffuse, high-capacity descending
signal for gross force production, such as the power grip (Baker & Perez, 2017; Glover & Baker, 2022).
The RST can partially compensate for corticospinal deficits, albeit with reduced selectivity, i.e. carrying
simpler uniform signals more suited for gross specification of movement (Baker & Perez, 2017; Glover
& Baker, 2022; Zaaimi et al., 2012). This redundancy together with the scaling of HGS in the pontine

reticular nuclei of the brainstem (Danielson et al., 2024) reinforces the evolutionary robustness of grip.

Beyond descending fibres, effective grip strength relies on the integrity of ascending and
associative white matter systems that support sensorimotor state estimation, cortical excitability, and
cognitive-motivational integration. Ascending pathways, including the dorsal column-medial lemniscus
and its thalamic projections, specifically the superior thalamic radiation (STR), relay afferent feedback
essential for stabilizing force output and preventing maladaptive central inhibition (Bolognini et al.,
2016; Purves, Augustine, & Fitzpatrick, 2001). Such sensory feedback is essential for skilled
sensorimotor behaviour and functional motor output (Asan et al., 2022; Nowak & Hermsdorfer, 2006).
Beyond classic ascending pathways, long-range association fibres - such as the superior longitudinal
fasciculus (SLF) and cingulum bundle - enable the integration of attentional, executive, and sensory
information. This provides a structural substrate for the well-established association between HGS and
higher cognitive function, but recent studies also show that association fibres play a role in

proprioception and state estimation (Chilvers et al., 2022), required for grip force execution.

Effective signal transmission through microstructurally coherent tracts underlies successful
execution of power grip. While forming a critical bottleneck particularly during development and aging
(Surgent et al., 2023) this coherence is crucial throughout the lifespan. For example diffuse white matter
pathology, such as small-vessel disease (detectable on MRI scans through white matter hyperintensities
(WMH)) (Prins & Scheltens, 2015) is already observed in healthy subjects from age 40-45 on. Clear
evidence exists that WMHs precede cognitive decline and are increasingly recognized to be involved in
the aetiology of AD (Brickman et al., 2015; Debette et al., 2019; Prins & Scheltens, 2015; Wardlaw et
al., 2015). Even in mild states they could be associated with physical disability, possibly through reduced
speed, fine motor coordination and muscular strength (Sachdev, 2005). Additionally, stronger grip was
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associated with reduced WMHs in people with major depressive disorder (J. A. Firth et al., 2020). This
broad influence of white matter tract integrity on various levels supports the system-level perspective

on HGS.
4.2.4  Subcortical involvements

On the subcortical level, the basal ganglia function as a critical modulator of force amplitude
through a functional segregation of planning and execution. Functional neuroimaging indicates that the
anterior basal ganglia, specifically the caudate nucleus and anterior putamen, are primarily involved in
the preparatory phase, where they scale their activity based on the predictability of the required force
(Wasson et al., 2010). This, however, was mainly seen in precision grip force (Prodoehl et al., 2009). In
contrast, posterior nuclei, including the subthalamic nucleus (STN) and the globus pallidus internus
(GP1i) were seen to function as gate-keepers. Forming part of the basal ganglia-thalamocortical circuits,
those nuclei exhibit activity that scales linearly with total force amplitude and rate of force development
(Prodoehl et al., 2009; Spraker et al., 2007; Vaillancourt et al., 2004). Pathophysiological evidence from
Parkinson’s disease suggests that the loss of dopaminergic input to the basal ganglia results in force
overshoot and impaired sensorimotor integration (Nowak & Hermsdorfer, 2006). Patients often exhibit
an inability to finely tune the grip-load ratio, relying on excessive maximal force to compensate for the
temporal delays in force recruitment. This compensatory strategy underscores the basa ganglia’s role in

optimizing energetic efficiency during motor output (Nowak & Hermsdorfer, 2006).

The thalamus modulates the flow of information between basal ganglia-cerebellar loops and the
cortex, acting as a pivotal integration hub within motor control circuits (Bosch-Bouju et al., 2013).
Through this integrative function, thalamic involvement supports the execution of maximum grip force
as targeted motor program, in which force amplitude is constrained by predictive internal models rather
than arising from indiscriminate maximal muscle recruitment (Opri et al., 2019). Thalamic activity has
been shown to increase with force predictability, functioning as part of a pathway that inhibits premature
motor programs while facilitating the selected force level (Wasson et al., 2010). Beyond thalamic
contributions, cerebellar circuits do not directly encode force magnitude but contribute to temporal

precision and error correction of high-force contractions.

The reliance on subcortical circuits shifts across the lifespan and following neurological
disruption. In aging populations, a compensatory hyper-activation of the thalamus, putamen and
cerebellum has beend observed (Noble et al., 2011). This increased subcortical recruitment likely
represents a neural strategy to maintain force stability in the presence of age-related degradation of the
CST and M1 excitability (Noble et al., 2011). On the other hand side, Ejaz and Xu et al. (2018) found
that post-stroke mirror movements in the non-paretic hand (unintended movements that appear in the
passive hand when the active hand voluntarily moves) are caused by the upregulation of a bilaterally
organized subcortical system, presumably via the reticulospinal system (Ejaz et al., 2018). Vice versa,

after subcortical stroke, impaired functional integrity of the corticospinal system was found to be



associated with higher recruitment of secondary motor networks, albeit being less efficient at generating
motor output (N. S. Ward et al., 2006). This highlights the motor system’s ability for reorganization at
different hierarchies and the important involvement of non-cortical systems in the functional

reorganization of the motor system.
4.2.5  Extra-motor system contributors

Beyond classical motor structures and circuits, maximal grip strength shows involvement of
extra-motor systems involved in arousal, motivation, effort and attention allocation, and interoceptive
monitoring. Functional connectivtiy studies, for example, have linked higher HGS to increased
segregation within the salience/ventral attention network, driven particularly by strong intra-network
connectivtiy of the right anterior insula to the left posterior insula and right midcingulate/medial parietal
cortex, with those charateristics also being linked to cognitive function (Chong et al., 2024). This
observation aligns with the role of the insular cortex as a critical hub in various processes, including

interoception and the awareness of body (including hand) movements (Craig, 2009).

Structural imaging studies further support the involvement of extra-motor systems. Widespread
increase in GMV in temporal cortices as well as subcortical regions is associated with stronger HGS.
These associations are partly mediated by mental health measures, which themselves correlate with
GMV in these regions (Jiang, Westwater, et al., 2022). More generally, the execution of physical force
involves an implicit cost-benefit analysis in which perceived effort (cost) is weighed against expected
reward. This subjective valuation of effort involves neural circuits within the orbitofrontal cortex
(Padoa-Schioppa & Conen, 2017). At the subcortical level, the ventral striatum plays a central role in
motivational processes for goal-directed behaviour and also acts as a limbic-motor interface by
modulating activtiy in M1 and premotor areas with direct effect on motor output (Suzuki & Nishimura,

2022).

Furthermore, noradrenergic projections from the locus coeruleus can enhance cortical
excitability and signal-to-noise ratio, facilitating higher force output under increased arousal (Aston-
Jones & Cohen, 2005). Dopaminergic systems influence motor vigor and willingness to exert effort,
with dopaminergic deficiency leading to reduced grip force even in the absence of primary motor deficits
(Salamone et al., 2016). Serotonergic modulation further affects motoneuron excitability and central
fatigue thresholds (Perrier et al., 2013). While these represent selected examples, this extra-motor
perspective on HGS converges with observations that reduced attention, motivation, or affective drive
— as observed in depressive states — can result in diminished grip strength independent of muscle mass
or corticospinal integrity (Cass et al., 2024; J. Firth et al., 2018; J. A. Firth et al., 2020; Ganipineni et
al., 2023; Rinne et al., 2018). Collectively, it indicates that HGS should be studied through a broad range
of multi-modal brain measures, as complementarily captured by structural, functional and diffusion

MRI, in order to adequately characterize its neural underpinnings and systemic significance.
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4.2.6 HGS as a system-level read-out of multi-system integrity

HGS relies on processes spanning wide sprectrum of muscoloskeletal, neuromuscular, and
neuronal hierarchies and mechanisms. This breadth allows to conceptualize HGS as a phenotypic
readout of the multidimensional biological system comprising both body and brain. Importantly, this
system should be understood as a whole, characterized by complex, bidirectional influences and
interactions in health and disease, with HGS functioning as a readout, i.e. a measure and window into
the current state of the system. Additionally, age-related declines to both the muscular and nervous
systems each contribute to reductions in HGS, providing a joint account for its association with health
outcomes that are metabolically and neurologically driven (McGrath et al., 2020). However, this
account remains incomplete, as it does not sufficiently explain brain-level neuronal processes, required

to understand the broad and systemic predictive value of HGS.

From a neuronal perspective, HGS reflects the successful convergence of an evolutionarily
conserved core (brainstem and spinal circuits supporting foundational grasping), connectomic capacity
(signal transmission via white matter microstructural coherence), motor and premotor cortical output
scaling (gain-control and recruitment within the LGN), sensorimotor integration (force scaling and grip
stability through afferent feedback integration), subcortical and cerebellar modulations (basal ganglia &
thalamus: facilitation of appropriate activation patterns, suppression of competing actions, stabilization
of motor programs, cerebellum: timing, error correction), and cognitive-attentional-motivational drive
(reduced attention, motivation, or affective drive can diminish HGS). Accordingly, HGS does not
function as a localized motor measure but rather as a global stress test of the brain’s capacity to mobilize
integrated neural resources toward a unified physiological goal. This mechanistic interdependence
provides a coherent explanation for the robust associations observed between HGS and system-wide
health outcomes, spanning cardiovascular and cerebrovascular health (e.g. via WMHs), cognitive
function (e.g. via attention, motivation, affect), and ultimately all-cause mortality. As such, HGS offers
a unique, non-invasive window into the functional and structural "scaffolding" of the healthy, impaired

or aging brain, positioning it as a fundamental metric in the study of organismal multi-system integrity.

4.3 Brain-behaviour predictive modeling using large-scale, observational neuroimaging data

The distributed, multi-level nature of HGS has important implications for its neuroscientific
investigation. Suitable approaches must acknowledge its system-level, multi-modal and integrative
nature and be sensitive to detect multivariate, distributed but specific patterns. The neural mechanisms
underlying successful power grip execution are robust while remaining flexible, reflecting both
conserved motor control principles and adaptive capacity. Accordingly, neuronal contributors to HGS
must generalize beyond small, homogeneous samples resulting in robust, population-level patterns,
while at the same time remaining sensitive to individual-level differences to detect flexible, potentially
sub-group-specific neuronal strategies. ML techniques applied to large-scale, observational, population-

based neuroimaging offers this necessary methodological capability.
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4.3.1 Opportunities and limitations of large, observational neuroimaging data for brain-behaviour

research

Over the past decade, neuroimaging research has increasingly shifted toward large-scale,
modal brain imaging with extensive phenotypic, demographic, and health-related data in a large number
of participants. This development has fundamentally expanded the scope of brain-behaviour research

by enabling the investigation of subtle neural effects that are typically inaccessible in smaller samples.

A primary strength of large neuroimaging cohorts lies in their substantial sample sizes, which
increase statistical power and enhance population-level generalizability. Large sample sizes facilitate
the detection of small effect sizes - commonly observed in brain-behaviour associations within healthy
populations - by reducing sampling error and attenuating the influence of random fluctuations (Smith &
Nichols, 2018). Consequently, estimates of population parameters become more precise and reliable.
Moreover, population-based sampling strategies improve external validity, allowing inferences that
extend beyond narrowly defined or clinically enriched cohorts and thereby supporting conclusions at
the level of the general population. An additional advantage of such cohorts is the availability of multi-
modal neuroimaging data, such as structural MRI (sMRI), diffusion-weighted imaging (DWI), and
resting-state functional MRI (rs-fMRI). This breadth of imaging data is often unavailable in smaller
studies or data collections that are typically restricted to a single modality. The concurrent assessment
of brain structure, white-matter integrity, and functional organization enables system-level

investigations of neural substrates underlying behaviour in general, and HGS in particular.

Despite these advantages, large observational neuroimaging datasets are subject to several
fundamental limitations. Most notably, their non-interventional nature precludes direct mechanistic
inference. Unlike randomized controlled trials, observational studies cannot isolate causal brain-
behaviour relationships. Furthermore, observed associations may reflect shared variance driven by non-
neuronal or confounding factors rather than specific neural mechanisms. This limitation, however, is not
unique to large observational cohorts but is inherent to all non-experimental designs, including many
traditional neuroimaging studies with smaller samples. Furthermore, population-based cohorts typically
consist of clinically unspecific, predominantly healthy individuals, resulting in restricted variance in
both neural and behavioural measures. This can reduce signal-to-noise ratios for phenotypes of interest
(Andrade, 2013). This issue may be exacerbated by the asynchronous acquisition of brain and
behavioural data, for example when behavioural measurements are obtained outside the scanner, in
contrast to task-based or activation studies. Consequently, even biologically meaningful neural
contributions may explain only a small proportion of the observable behavioural variance. In addition,
although a wide range of phenotypes is assessed, individual constructs are often measured with limited
depth or specificity, and imaging protocols are typically constrained by relatively short acquisition

times. From a statistical perspective, large samples increase the likelihood that trivial effects reach
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conventional significance thresholds. Such statistically significant results however may lack scientific,

clinical, or practical relevance (Smith & Nichols, 2018a).

Collectively, these characteristics indicate that large sample size alone does not guarantee
neuroscientifically informative insights. Rather, the combination of weak neural signals, high-
dimensional imaging features, and pervasive non-neuronal influences necessitates analytical
frameworks that are capable of extracting multivariate patterns while rigorously assessing their
robustness, generalizability, and interpretability (J. Chen, Patil, et al., 2023; Doshi-Velez & Kim, 2017;
Molnar, 2020). At the same time, the scale of these datasets enables methodological approaches that are

not feasible in smaller samples, particularly brain-behaviour predictive modelling using ML.
4.3.2  Brain behaviour predictive modeling: promise and current challenges

The emergence of large-scale, observational neuroimaging cohorts has created unprecedented
opportunities for applying ML approaches to the study of brain-behaviour relationships at the population
level (J. Chen, Patil, et al., 2023; Singh et al., 2022). In contrast to classical inferential frameworks that
primarily quantify associations within a given dataset, predictive modelling aims to learn patterns that
generalize beyond the training sample and are applicable at the individual level. This shift in focus aligns
closely with the goal of identifying reproducible neural signatures of behaviour. However, empirical
applications of predictive modelling in neuroimaging have revealed substantial methodological and
conceptual challenges that must be addressed to enable meaningful neuroscientific interpretation

(Chekroud et al., 2024; Gell et al., 2024; Li et al., 2022; Wilkinson et al., 2020).

Large observational datasets fundamentally alter the feasibility of multivariate brain-behaviour
predictive models (Marek et al., 2022). Sample sizes on the order of thousands to tens of thousands
substantially alleviate constraints imposed by the curse of dimensionality (Berisha et al., 2021), which
are particularly severe in high-dimensional neuroimaging data and further exacerbated by the integration
of multiple imaging modalities. Within this regime, predictive modelling approaches become practically
viable, allowing the exploitation of distributed information across large feature spaces. Crucially, ML
models can capture multivariate and interacting neural patterns that are inaccessible to univariate
analyses. A central promise of brain-behaviour predictive modelling lies in its explicit emphasis on
generalization. Rather than evaluating effects solely within-sample, predictive performance is assessed
on independent or previously unseen data. This property is not only of interest for clinical applications
but also for research in healthy populations, where the goal is to elucidate general neurobiological
principles underlying behaviour. Moreover, predictive models move beyond inference on group
averages and enable individual-level predictions. When combined with explanation extraction methods,
such as feature importance weights and Shapley values, ML models can yield interpretable insights into
the underlying brain—behavior associations. Feature importance estimates explain a model’s behavior
by making its internal functioning more transparent, thereby enabling the detection of spurious or

undesirable predictive strategies on the one hand and supporting domain-specific interpretation on the
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other. This can be informative in translational applications such as biomarker discovery, sub-typing or
risk stratification, and it also advances our understanding of the neuronal mechanisms underlying
measures such as HGS in healthy populations. HGS presumably relies on a neural architecture that
permits multiple neurological strategies to achieve a similar behavioral output. Gaining insights at the
individual level is therefore valuable for capturing such heterogeneous and flexible strategies, which

may be particularly engaged in the presence of subtle impairments or compensatory processes.

In principle, predictive modelling provides a powerful framework for identifying population-
level, generalizable brain-behaviour relationships and for uncovering distributed multivariate neural
signatures that remain invisible to univariate analyses. These advantages have driven its rapid adoption
across cognitive neuroscience, neuroimaging, psychiatry, and neuroepidemiology. However, empirical
findings have often fallen short of these expectations (Chekroud et al., 2024; Kapoor & Narayanan,
2022). For many behavioural, cognitive, and health-related phenotypes, predictive performance remains
modest, and models frequently fail to generalize across samples, cohorts, or acquisition sites
(Arbabshirani et al., 2017). This gap between conceptual promise and empirical reality has motivated

increasing scrutiny of predictive modelling practices in neuroimaging research.

Multiple interrelated factors contribute to these limitations. Neuroimaging features typically
exhibit low signal-to-noise ratios, with neural measures explaining only a small proportion of variance
in behavioural outcomes, particularly in non-clinical populations. Simultaneously, imaging-derived
features are high-dimensional and strongly multicollinear, reflecting both biological organization and
measurement properties of imaging modalities. This complicates model fitting, making it challenging
to obtain generalization models and hinders straightforward neuroscientific interpretation by increasing
uncertainty in feature importance estimates. In addition, methodological shortcomings (e.g. data
leakage, inappropriate cross-validation (CV) schemes, biased model evaluation) can inflate apparent
predictive performance, obscure true generalization ability, and limit validity of neurobiological insights
(Bengio & Grandvalet, 2004; Demsar & Zupan, 2021; Sasse et al., 2025; Varoquaux, 2018). The
implications of these challenges extend beyond limited predictive accuracy. Overestimated performance
can foster unwarranted confidence in weak models and yield limited or even misleading insights into
underlying neurobiology, particularly when unstable feature importance patterns are overinterpreted as
evidence for neural mechanisms. Addressing these challenges is therefore critical not only for improving
predictive performance, but also for establishing brain-behaviour predictive modelling as a reliable tool

for neuroscientific discovery.

4.4 Confounding in brain-behaviour prediction: nuisance or biological reality?

Confounding represents one of the most pervasive and conceptually challenging issues in brain-
behaviour predictive modelling (Alfaro-Almagro et al., 2021; Benkarim et al., 2021; Chyzhyk et al.,
2022; Hamdan et al., 2023a; Rao et al., 2017), with large datasets further amplifying the problem due to
their high sensitivtiy to atifactual associations (Smith & Nichols, 2018b). Within much of the
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neuroimaging literature, confounders are primarily treated as technical nuisances that can be addressed
through standardized preprocessing pipelines, heuristic covariate selection, or correlation-based
definitions of unwanted variance. From this perspective, confounding variables are assumed to reflect
extraneous influences that should be statistically controlled for, often without explicit justification
regarding their selection or the implications of different adjustment strategies. While this pragmatic
approach offers procedural simplicity, it risks oversimplifying the problem of confounding and is

insufficient for many neurobiological research questions.

Brain structure and function are embedded within a broader biological system and do not operate
in isolation; but are a part of interdependent and causally intertwined processes encompassing brain,
body and environment. Specifically, in the context of HGS, variables such as age, sex, body
composition, health status, and lifestyle factors influence both neural measures and the behavioural
outcome through shared developmental, physiological, and environmental pathways. Consequently,
some variables that are routinely labelled as confounders in neuroimaging research may represent
unwanted extraneous variance, meaningful biological signal, or a combination of both, and it is often
unclear whether—and to what extent—these categories can be meaningfully separated. Failure to
account for the underlying causal structure of the system under study risks flawed interpretations.
Therefore, treatment of these variables requires causally informed methodological approaches (Elwert
& Winship, 2014; Pearl, 2000, 2009; Pearl & Mackenzie, 2018; Rohrer, 2018; Tonnies et al., 2022;
VanderWeele, 2019).

As a global system-level marker, HGS exemplifies the interdependent nature of variables within
biological systems rather than isolated brain—behaviour relationships. It reflects the integrated
functioning of musculoskeletal, neuronal, and cardiovascular systems, as well as age-related and
lifestyle-dependent processes — all of which are either influenced by or do influence brain structure and
function. Predictive models that aim for identification of neuronal underpinnings of HGS can achieve
substantial performance by exploiting non-neural measures that covary with both brain measures and
motor output. Insights derived from such models may therefore primarily capture confounding effects,
e.g. due to demographics or peripheral physiology, rather than neural mechanisms. Although these
associations can be biologically valid, they do not directly server the primary objective of elucidating
neural contributions to behaviour. At the individual level, reliance on unintended sources of information
may mask meaningful variability in neural organization, thereby reducing the explanatory value of

predictions for both basic and translational neuroscience.

Meaningful neurobiological inference therefore requires appropriate confounder handling
guided by explicit causal reasoning about relationships between variables (Elwert & Winship, 2014;
Pearl, 2009; Tonnies et al., 2022; Wysocki et al., 2022). Additionally, for gaining meaningful
neurobiological insights from predictive models requires accounting for multicollinearity inherent in
neural representations. Taken together with the further challenges of predictive modelling with large-
scale, observational neuroimaging data, these considerations underscore that methodological rigor is not
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an end in itself, but a necessary prerequisite for addressing substantive neuroscientific questions.
Accordingly, the methodological work in the first two studies of this thesis establishes the necessary
conceptual foundation required for the empirical investigations that follow. In sum, large scale
observational data and ML approaches offer the opportunity to deepen our understanding of behavioural
phenotypes such as HGS, which rely on distributed, system-level neuronal architectures—but only when

they are implemented and interpreted with methodological rigor.
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4.5 Aims and scope of this thesis

Brain—behaviour predictive modelling using large-scale neuroimaging data holds substantial
promise for advancing systems neuroscience and neurobiomedical research but faces significant
challenges in achieving reliable, generalizable, and interpretable findings. This thesis targets
neurobiologically interpretable brain-behaviour neuroimaging-based predictive modelling, addressing
key challenges arising from low signal-to-noise ratios, feature multicollinearity, and pervasive non-
neuronal confounding. Through a sequential approach, it progresses from a critical synthesis of
methodological pitfalls and possible solutions in neuroimaging-based machine learning (Study 1), to
solution-oriented development of a causally informed framework for confounder selection and
adjustment (Study 2), and finally the empirical application of these methods together with
multicollinearity-aware model interpretation to identify system-level neural signatures of HGS in a
large, healthy middle-to-older-aged cohort (Study 3). Beyond methodological advances, conceptually,
the thesis demonstrates that HGS reflects the integrity of distributed sensorimotor transmission and
subcortical control systems, providing a neurobiological explanation for its role as a global marker of

brain and organismal health.

In Study 1, 1 systematically reviewed challenges in brain-based predictive modelling to
promote more reliable and generalizable findings in precision psychiatry. Specifically, I discussed
ubiquitous mistakes in data handling (e.g. data leakage, i.e. the inadequate use of to-remain-hidden test
data during training), limitations of generalization-estimates with CV and performance inflation in small
samples. Additionally, I targeted the biasing impact of third variables (confounders, colliders i.a.)
including a summary of mitigation strategies and the issue of site-specific effects in multisite datasets
including different harmonization methods. Lastly, study 1 is concerned with post-hoc model
interpretation methods and how they can enhance transparency, while stressing the importance of
consideration of feature multicollinearities and contextualization of feature importances with the

model’s actual performance and domain knowledge.

In Study 2, 1 zoomed in on the challenge of confounding influences in brain-based
predictive models. Concretely, I investigated how causal inference tools can support the debiasing of
ML models to achieve more meaningful, reliable and generalizable brain-based predictions in
neurobiomedicine. | addressed how conventional practices of defining confounders often rely on
heuristics or correlations alone, which risks confusing them with colliders or mediators and ultimately
leads to models exploiting spurious associations rather than genuine biological mechanisms. To counter
this, I theoretically justified, conceptually proposed and empirically illustrated a three-step approach for
confounder selection and adjustment with the aim to be pragmatically integrable in neuroimaging
studies. The framework uses established concepts from the causal inference literature and makes them
applicable and usable for the broader field of neurobiomedical research, thereby trying to integrate

knowledge between disciplines and at the same time solve a prominent problem in neurobiomedical
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(observational) studies. Concretely, it involves a domain-knowledge-driven causal analysis formalized
in a directed Acyclic Graph (DAG), the application of graph-theoretical rules to distinguish different
types of third variables and identify a minimal sufficient set of confounding variables to adjust for
(deconfounders), and the statistical evaluation of and adjustment for these deconfounders. As a related
challenge that limits rigorous debiasing of ML models, I further discussed the limitations of common
linear feature residualization methods and explored the potential of adopting double machine learning
as an alternative confounder adjustment strategy, while clarifying that even with appropriate
deconfounding, the models remain fundamentally associative and do not equate to causal inference

without additional strong justifications.

In Study 3, I aimed to identify neuronal underpinnings of individual differences in HGS
by leveraging large-scale, multi-modal neuroimaging data in a middle-to-old, healthy cohort from the
UKB. Specifically, I employed thorough model evaluation, comparison and selection with rigorous
confounder control (applying the previously developed framework) to generate generalizable,
individual-level predictions of HGS based on structural MRI, resting-state functional MRI, and a variety
of diffusion tensor imaging features in nine uni-modal and two multi-modal settings. Multicollinearity
aware model interpretation (clustering-based feature importance analysis) of best models in an out-of-
sample prediction, offering a comprehensive picture of the most relevant multi-modal neuroimaging
predictors of HGS as operationalization of wider motor performance and general (physical and brain)
health. The study found that explanatory power was concentrated in a limited set of white-matter
pathways integrity and structure of pallidal nuclei rather than being uniformly distributed across the
brain. Across sexes and modelling strategies, the microstructural integrity of the ascending
somatosensory medial lemniscus emerged as the dominant predictor, with additional contributions from
basal ganglia (mainly anterior globus pallidus) and thalamic structure as well as cerebellar and
thalamocortical tracts. Both cortical structure and functional features played a minor role. These results
suggest that HGS reflects the integrity of distributed sensorimotor-cognitive integration circuits,
explaining its value as a global marker of overall health, frailty, cognition and mortality and identifying
the underlying reasons for why it is a universal and versatile marker (despite appearing as a rather simple
motor execution), namely because it directly reflects brain health, specifically integrity of wide-ranging
(mainly white matter) pathways and effectiveness/success of wide-ranging/system-level signal transfer

and information integration across brain systems.

In sum, the thesis aimed to establish a systematic framework from global challenges in
brain-based predictive modelling, via methodologically solution development, to their application,
serving the main goal of identifying neural explanations of HGS to understand and explain why and

how it serves as a global health marker.
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Predictive Modeling: Toward Meaningful
Predictive Insights

Vera Komeyer, Nicolas Nieto, Simon B. Eickhoff, Federico Raimondo, and Kaustubh R. Patil

ABSTRACT

Predictive analytics based on machine learning (ML) and artificial intelligence is a powerful tool enabling precision
psychiatry and providing insights into brain-behavior relationships. However, given the mixed results observed in the
field so far, making meaningful progress requires careful consideration of several key challenges to ensure the
validity of models and findings, including overfitting, confounding biases, site effect harmonization, and interpret-
ability, among others. First, we highlight limitations of cross-validation, a ubiquitous ML strategy used to prevent
overfitting and obtain generalization estimates, emphasizing the risk of performance inflation and the need for
independent validation. Next, we introduce different types of so-called third variables that can influence the ex-
amination of a brain-behavioral relationship of interest in different ways, using causal inference principles. We
emphasize the biasing impact of confounding variables on ML models and summarize common mitigation strate-
gies. We then discuss site-specific effects in multisite datasets, reviewing different harmonization strategies to
reduce unwanted variability and site-specific noise. Finally, we explore post hoc model interpretation methods to
enhance model transparency while cautioning against misinterpretation. By integrating rigorous result validation,
confounder control, and interpretability techniques, researchers can ensure that ML models produce more reliable

and generalizable findings and avoid spurious associations.

https://doi.org/10.1016/j.biopsych.2025.09.003

Predictive machine learning (ML) models using neuroimaging
data that reliably forecast clinical outcomes and individual risk
profiles can facilitate personalized and effective psychiatric
treatments. Such models can assist conventional symptom-
based assessments by providing objective, data-driven diag-
nostic tools, thereby addressing a longstanding need for
objective biomarkers in psychiatry (1-5). Improved data
acquisition, large-scale data sharing, and advanced analytics
together have raised expectations for future advancements
(6-9). Recent research has demonstrated the capability of
predictive models to uncover complex and subtle patterns in
neuroimaging data supporting diverse tasks including diag-
nosis, prediction of treatment response, and disease subtyp-
ing for diverse psychiatric conditions (10-16). Furthermore,
neuroimaging-based ML models have helped develop and
validate new symptom-based scores that capture individual
differences better than traditional diagnoses, supporting more
personalized assessment and treatment in mental health
(2,17,18).

However, some studies have questioned the robustness
and generalizability of ML results (19,20). In addition to
addressing data reliability (21,22), it is crucial to tackle key
challenges such as data biases including confounding effects,
harmonization of multisite datasets, and methodological is-
sues in model evaluation and interpretation. In this perspective
article, we aim to deepen the understanding of these

challenges and associated methodological caveats and pro-
vide guidance where possible.

Supervised ML learns patterns from measured data, where
input features (X), such as imaging-derived phenotypes, are
used to predict a target variable (Y), such as a clinical diag-
nosis. Its strength lies in detecting subtle multivariate re-
lationships often missed by conventional analytical methods.
Crucially, the main objective of a predictive model is to ach-
ieve accurate predictions on new unseen data—referred to as
out-of-sample generalization. Cross-validation (CV) is
commonly used for estimating generalization performance.
However, it can produce biased and unstable results, partic-
ularly leading to overoptimistic performance estimates when
sample sizes are limited (20,23). Therefore, the output of a CV
process must be treated carefully, as we will elaborate in CV Is
an Estimation. Biases in data can lead to biased models and
misleading insights, compromising both clinical decision
making and scientific insights. Understanding Third-Variable
Effects in Biomedical Research addresses these biases
through the lens of third variables, introducing key causal
concepts to identify and manage them. Special emphasis is
placed on confounding variables, commonly encountered
type of third variables, particularly relevant in observational
data (24-27). ML models typically perform better with large
datasets (28), but combining data from multiple sites can
introduce site effects—biases from systematic differences in
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acquisition (29). Data harmonization helps address this
(30,31), but Effects of Site and Data Harmonization highlights
key caveats when applying commonly used data harmoniza-
tion methods within ML pipelines. Finally, Post Hoc Model
Interpretation details the need to carefully consider model
characteristics and the validity of post hoc interpretations to
ensure meaningful insights (32)—key to clinical adoption of
predictive analytics. The key challenges and potential mitiga-
tion strategies are summarized in Table 1.

CV IS AN ESTIMATION

Much like the process of conducting clinical trials in drug
development requires extensive testing on independent pa-
tient populations—often involving years of research, regula-
tory approval, and significant financial investment—collecting
new datasets to validate ML models can also be lengthy and
resource intensive. To circumvent this obstacle, the widely
adopted methodology to evaluate a model’s out-of-sample
generalization is to partition the data into training and testing
sets, emulating unseen data. This is known as CV.

CV comes with several challenges and limitations that
have been extensively discussed in the literature, including
unreliable estimations of variance (33), overoptimistic and
unstable performance estimates due to small sample size
(23), overfitting (34), concerns related to data averaging (35),
and selective reporting of findings (36). A fundamental limi-
tation of CV, however, has not been emphasized—it provides
an estimation rather than measuring a model’s true perfor-
mance. While CV is often thought to estimate how a partic-
ular model is expected to perform on new unseen samples, it
only estimates the average performance of models trained on
different but equally sized overlapping subsets of the avail-
able data (37).

Drawing on the analogy with clinical trials in drug devel-
opment, CV estimates can be thought of as results obtained
during the early phases of such trials. Like drugs, ML models
are intended for real-world deployment once proven effective.
However, as with pharmaceuticals—where approximately
90% of candidates ultimately fail, and even 41% fail during
phase Il despite earlier success (38)—ML models often
encounter similar challenges. A model may demonstrate high
accuracy under CV but still fail when applied beyond the
controlled development setting and data, highlighting the
limitations of early-phase evaluation (39).

Building an ML model encompasses selecting from a
diverse pool of data processing steps and learning algorithms
that can be parametrized and combined in a myriad of ways.
This flexibility often leads to iterative refinement to obtain high
CV accuracy. This iterative process, even when unintentional
or carried out by different research teams, exacerbates per-
formance overestimation: As models are repeatedly tuned and
retested on the same data, they become increasingly tailored
to idiosyncrasies of the sample rather than learning robust,
generalizable patterns (40), which might even lead to false
positives (41). Overestimated performance can lead to false
confidence in the model’s ability to uncover meaningful and
general biological or behavioral associations, ultimately
skewing conclusions and limiting reproducibility and real-
world applicability. Readers should be mindful of the
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inherent limitations of CV and consider the broader context in
which the results were obtained, including sample size, origin
of the data, and previous findings in the literature. In addition
to every researcher following good practices, the re-
sponsibility lies with the reader to critically assess whether the
reported findings are robust, generalizable, and meaningful
within their specific domain of application.

We recommend using nested CV for unbiased error esti-
mates, with comparisons being restricted to a preselected set
of candidate workflows. To avoid data leakage, all pre-
processing should be strictly performed within training folds
(42). Statistical model comparisons should rely on appropriate
paired tests (43), and all tested models and hyperparameters
should be reported transparently. Finally, results should be
interpreted carefully, keeping in mind that CV estimates reflect
the average performance of the modeling procedure rather
than the exact error of the final fitted model. The latter should
be validated on an independent test dataset to confirm
generalizability.

UNDERSTANDING THIRD-VARIABLE EFFECTS IN
BIOMEDICAL RESEARCH

Predictive models in psychiatry aim to either elucidate
neurobiological mechanisms or support clinical decision
making. Both goals require generalizable models. However,
third variables (2) can influence the relationship of interest
between features (X, e.g., brain imaging measures) and out-
comes (Y, e.g., clinical phenotypes), potentially hindering
generalizability. In biomedical and psychological research,
where biological, behavioral, and environmental factors are
tightly interwoven, third-variable effects are often unavoidable,
as has been demonstrated in large-scale observational data-
sets such as the UK Biobank (44,45).

Third variables can act as confounders, colliders, or me-
diators, each affecting the feature-target relationship differ-
ently and therefore requiring distinct handling (Figure 1).
Correlation-based criteria alone cannot distinguish between
these types as all could produce the same correlation with
both X and Y (46). Instead, cause-effect reasoning, often aided
by directed acyclic graphs (DAGs), is needed for distinction
(47,48).

A confounder is a common cause of both X and Y, biasing
their relationship and the respective predictive model if not
controlled for [confounder bias, Simpson’s paradox (49)]. For
example, early childhood trauma may confound the relation-
ship between hippocampal volume (e.g., stress-induced
increased glucocorticoid exposure reducing synapto- and
neurogenesis) (50) and depression risk (e.g., via higher likeli-
hood of unhealthy lifestyles) (51). In contrast, a collider is a
common effect of X and Y. Controlling for a collider induces a
spurious X-Y association, biasing the predictive model
[collider bias, Berkson’s paradox (52)] [e.g., (53,54)]. For
example, depression can act as a collider in studies of sero-
tonin receptor function (e.g., using positron emission tomog-
raphy) and cortisol levels because depressive symptoms can
result from both reduced 5-HT receptor binding (55) and
hypercortisolemia (hypothalamic-pituitary-adrenal axis
dysfunction) (56). A mediator lies on the indirect causal path
from X to Y, transmitting part of the effect (46). For example,
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Table 1. Overview of the Different Challenges, Examples, Suggestions, and Recommended References

Biological
Psychiatry

Challenge

Example

Recommendation

Key References

Model Evaluation

Biased and Unstable CV Estimates

Cherry-Picking of CV Results

Performing k-fold CV in small samples
(e.g., N = 100) or performing leave-one-
out CV can inflate performance.

Reporting results from 1) one (the best) CV
fold, 2) train performances, or 3) the
best-looking error metric.

Use sample sizes that lead to reasonably
sized inner CV data splits (e.g., if
N =100, in a 10-fold inner and outer CV,
there would only be 1 sample left for
testing in the inner CV; this is not
reasonably sized). Avoid leave-one-out
CVv.

Report performance mean and SD across
folds.

Report test set errors.

Use multiple error metrics.

Varoquaux et al. (23)

Komiyama and Maehara
(36)
Demsar et al. (111)

Confounding/Third Variables

Biased and Biologically Misleading
Models Due to Confounding

Incorrect Adjustment for a Collider

Adjustment for a Default Set of
Variables

A model falsely attributes structural brain
changes to schizophrenia when in reality
these changes are (partially) driven by
aging or long-term medication use.

A variable is identified as confounder
based on correlations but is actually a
collider, so its adjustment introduces
bias.

Default adjustment for demographics,
such as age and sex, without further
consideration of variable relationships.

Use DAGs to systematize variable
relationships around the research
question of interest to select proper
adjustment variables, e.g., through the
so-called backdoor criterion. Avoid
using default research question
agnostic confounders such as age or
sex but communicate informed
decisions transparently.

Use DAGs to make variable relationships
transparent and identify appropriate
deconfounding variables.

Use literature and domain knowledge to
arrive at relevant variables and model
their relationships using a DAG.

Pearl et al. (58)

Wysocki et al. (46)
Komeyer et al. (27)
Rohrer et al. (59)

Pearl and Mackenzie (61)
VanderWeele et al. (60)
Pearl et al. (58)

Wysocki et al. (46)

Pearl and Mackenzie (61)
Komeyer et al. (27)

Data Harmonization

Separate Train-Test Splits When
Harmonizing Data to Avoid Data
Leakage

Expected Nonlinear Covariate
Effects

Site-Target Relationship

Estimating Number of Images per
Site to Train the Harmonization
Models

Original proposed ComBat finds its
parameters on the whole datasets,
which is only compatible with classical
statistical analysis, but not with ML
studies, where separated train and test
sets are needed.

Biological information, for example related
to age, often presents nonlinear effects
that traditional ComBat cannot model.

Data acquired at each site may have
different proportions of classes, for
example patients and control
participants. ComBat-based methods
may require test labels to correctly
harmonize without removing relevant
information.

There is a minimum number of images for
each site that are needed to correctly
estimate the parameters of the models.

When integrating in ML pipelines, use
newer versions of ComBat that allow
separation of train-test, such as
neuroHarmonize, harmonizer, and
ComBat-MEGA.

Allows for estimation of more complex
covariate effects. neuroHarmonize
allows for this flexible covariate effect
estimation.

Estimate the degree of site-target
dependence and use leakage-free
harmonization models such as
PrettyHarmonize, which do not need
test targets to correctly harmonize.

The required N is a function of the number
of sites, number of features, and
intrinsic characteristics of the problem.
The Mahalanobis distance was
proposed to quantify the multivariate
site effect and estimate the minimum N.

For ComBat, between 20 and 30 samples
per site are needed. ComBat-based
methods are recommended with a low
number of images, in contrast to DL-
based models, which require more data.

Fortin et al. (76)
Marzi et al. (90)

Radua et al. (31)
Hu et al. (84)

Fortin et al. (76)

Nieto et al. (92)

Parekh et al. (112)
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Challenge Example

Recommendation Key References

Harmonization on Unseen Sites

for training the harmonization model.

Uncompleted Effect of Site
Removal

Effects of site can be due to complex
interaction in the data. Some of the
methods may partially remove the
effects of site and lead to bias
estimations.

Uneven Classification Prediction
Across Sites

Covariance Harmonization ComBat can only correct mean and

variance but cannot correct covariance.

Not Possible to Access Raw Data
From All the Sites
data is not always possible.

Repeated Measurements for Each
Participant

When monitoring neurodegenerative

be acquired.

We aim to harmonize new data that were
acquired in a new site that was not used

When most of the data come from 1 site,
ML can underperform in smaller sites.

Privacy-preserving scenarios are common
in medical applications. Access to raw

diseases, such as Parkinson’s, several
images from the same participant may

ComBat is not able to harmonize data
from sites that were not included at
training time. NeuroHarmony relies on
IQMs instead of site ID; thus, it can be
applied to any image where the IQM can
be extracted, and the obtained IQMs are
in the range of the training images. DL
methods can also harmonize data from
unseen data.

Garcia-Dias et al. (113)
Abbasi et al. (93)

Evaluate harmonization models to validate
its capacity to remove the effect of site.
Alternatively, leave-one-site-out CV can
help to evaluate robustness and
generalization of the models.

Solanes et al. (29)

Report several metrics and perform
separate metrics for each site.
Calculate multisite-specific metrics.

Solanes et al. (74)

CovBat is recommended in those cases,
as it is specifically designed to
harmonize mean, variance, and
covariance.

Chen et al. (91)

Distributed ComBat demonstrated similar
performance as ComBat without direct
access to the raw data.

Chen et al. (114)

When repeated measures are available, Beer et al. (115)

LongitudinalComBat is recommended.

Result Interpretation

Feature Importance
Misinterpretation
meaningful?

Overstated Importance
(Meaningless Explanations) feature. Model accuracy is almost at

chance level.

SHAP shows age as the most important
feature in a depression classifier—is this

Gray matter volume is the most important

Contextualize feature importance (e.g.,
age may be a confounder). Use domain-
specific knowledge to interpret. Do not
confuse true to the model with true to
the data, and do not confuse feature
importance with causal explanations.

Chen et al. (116)
Molnar (103)

Assess model’s performance using Molnar (103)
multiple complementary error metrics (e.
g., AUROC and balanced accuracy).

Report model accuracy alongside
interpretations.

Contextualize interpretation of the model’s

accuracy.

AUROC, area under the receiver operating characteristic curve; CV, cross-validation; DAG, directed acyclic graph; DL, deep learning; IQM, image quality metric; ML,

machine learning; SHAP, Shapley Additive exPlanations.

cortisol levels may mediate (indirect path) the direct effect of
amygdala hyperactivity (e.g., measured through functional
magnetic resonance imaging [MRI]) on depressive symptoms
(56,57). Whether to adjust for mediators depends on whether
the partial direct effect (amygdala hyperactivity — depressive
symptoms, control for mediator) or the full effect including the
indirect pathway via cortisol (do not control) is being sought
(Figure 1).

To build valid models, researchers must account for third-
variable types and mitigate bias accordingly. While simplified
DAGs (Figure 1) illustrate basic principles, real-world neuro-
biological applications often involve complex in-
terdependencies between many variables. To ensure
unbiased predictive models, confounders must be controlled,
while making sure not to control for colliders. However, in
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practice, confounder selection often lacks transparency or is
based on default variables (e.g., demographics), increasing
the risk of inadvertent effects, e.g., through collider
adjustment.

A 3-step approach can help identify which variables to
correct for. First, using literature-derived and clinical knowl-
edge to build a DAG around the relationship of interest can
clarify variable roles (types of third variables) and communi-
cate assumptions transparently. Specifically, this DAG aids in
identifying confounding pathways and therefore a correct set
of variables to control for in the second step, for example
through tools such as the backdoor criterion. The backdoor
criterion originates in the causal literature (58) and states that
to estimate a causal effect of variable X on outcome V, it is
necessary to block the so-called backdoor paths, i.e., paths
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Figure 1. Definition of the different types of third variables, confounder, collider, and mediator using a directed acyclic graph. Each theoretical definition is
supported by a simple biomedical example, and a recommendation for handling the respective type of third variable (action) is given.

with noncausal flow of information. Transferred to the field of
associative predictive modeling, this translates to adjusting for
variables that lie on indirect paths between X and Y with
incoming arrows to X in the previously specified DAG (step 1).
Online tools such as Dagitty (https://www.dagitty.net/dags.
html) can support identifying biasing paths [see e.g.,
(27,48,58-61) for in-depth information]. Third, the identified
variables should be checked for their statistical association
with both X and Y, after which the actual model adjustment
process can follow standard approaches from the ML litera-
ture [e.g., (26,62,63)].

Failing to adjust for confounders can lead ML models to
learn spurious associations, capturing dataset-specific arti-
facts rather than neurobiologically meaningful patterns. This
makes proper confounder selection and handling essential. In
causal inference and treatment-outcome modeling, con-
founders are explicitly adjusted for to estimate causal effects,
whereas in ML, they need to be considered to avoid unwanted
bias or shortcuts that degrade generalizability of models and
results. For example, in psychiatric research, age, medication
use, and comorbidities can result in misleading associations
between imaging-derived features and diagnostic labels. For
example, a model may erroneously attribute structural brain
changes to, e.g., schizophrenia when, in reality, these changes
are (partially) driven by aging or long-term medication use.
Likewise, comorbid conditions (e.g., anxiety, substance use
disorder) can influence both brain imaging features and psy-
chiatric diagnoses, making it difficult to disentangle disorder-
specific neural signatures from overlapping, but distinct, effects.

Once identified, several post hoc confounder mitigation
methods exist, each with implications and tradeoffs. Residu-
alization removes confounder influences by often univariate
linear regression of the confounder on features or target with
subsequent residualization (true minus predicted feature/
target) [e.g., (64)] but may leave nonlinear or multivariate
confounding unaddressed and can even leak confounding
signal into features or target (65). Matching balances distri-
butions of confounding variables across groups or classes,
thereby conditioning on the confounders and mitigating bias
[e.g., (66)]. However, matching is data inefficient as un-
matched samples are discarded and becomes increasingly
complex with multiple confounders. Matching should not be
confused with stratified CV [e.g., StratifiedKFold (67)], which
ensures comparable distributions (e.g., of the target) between
data splits but does not break confounder-feature/target as-
sociations, making it ineffective for mitigating confounding
bias [e.g., (68)]. Including confounders as features/covariates
can improve model performance but can reduce generaliz-
ability if confounder distributions shift across datasets (64)
and does not give insights into feature-target mechanisms
because these will be distorted by the confounders’ influence.
Post hoc tests [e.g., partial and full confounder tests (69)] can
help assess model reliance on confounders but do not correct
for them.

Thoughtful investigation and integration of third-variable
structures is essential for unbiased models that allow for
valid, generalizable, and interpretable ML research in psychi-
atry. Unbiased models require deliberate confounder control,
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while improper adjustments (e.g., for colliders) must be avoi-
ded. Although confounder control may reduce apparent per-
formance, it yields more meaningful and replicable results.
Once appropriate confounders are identified, established
confounder control strategies can be applied. DAGs provide a
transparent framework for highly interwoven biomedical data
to identify and justify adjustment variables by clarifying causal
roles. Therefore, future work should move beyond default
confounders (e.g., age, sex) toward question-specific, DAG-
informed adjustments. Making this a standard practice in
brain-based association studies will promote more generaliz-
able models with greater psychiatric and clinical relevance.

EFFECTS OF SITE AND DATA HARMONIZATION

The acquisition of brain imaging data has expanded, greatly
driven by advances in neuroimaging technologies. Detecting
brainwide associations requires large samples for statistical
and predictive analyses (28,70). Open science initiatives have
facilitated this by making numerous datasets publicly available
(71). The use of multisite data may also improve generalization
by capturing biologically and demographically diverse sam-
ples (72). However, because collecting datasets is time- and
resource intensive, pooling data from multiple sites has
become common practice. While this approach offers great
potential for advancing empirical neuroscience and predictive
modeling, it also introduces new challenges, because sys-
tematic differences across sites can bias the resulting models.

Site-related data variability can stem from 2 main sources:
acquisition differences and population differences. Variability
due to acquisition is primarily driven by factors such as dif-
ferences in scanners, imaging protocols, acquisition parame-
ters, target definitions, or measurement procedures, none of
which are related to biological signals (73). When this un-
wanted variability only affects the features (X) it is referred to
as effects of site (Figure 2A) and can introduce bias into
research outcomes if not properly identified or inadequately
addressed (29,74). For example, MR images acquired from 2
scanners from the same manufacturer with the same param-
eters can differ (75), which extends to imaging-derived fea-
tures (76) and nuances in image processing pipelines (77).
Additionally, target can be also influenced by site due to
sampling bias, differences in acquisition instruments, or
different target definitions at each site/study (20). For example,
there are different criteria in the Alzheimer’s disease stages in
the available datasets (78-80). These cases of different target
definitions are also present in schizophrenia (20) and
depression (81).

Beyond measurement-related variance, each site may re-
cruit diverse populations, introducing sampling bias tied to the
site’s location and demographic reach. This may result in
differences in diets, genetics, environmental factors, or so-
cioeconomic factors, which are correlated with brain charac-
teristics (82). Different sites may also recruit different target
distributions, e.g., healthy control participants recruited at one
site and patients at another.

If site affects the features, its role as a confounder depends
on whether it also influences the target (Figure 2). When site
does not affect the target, it acts as systematic noise, masking
the biological signal (Figure 2A). In this case, removing site
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effects from features can improve the signal-to-noise ratio,
thereby aiding meaningful learning and robustness (83).
However, if site also influences the target, it becomes a
confounder, enabling models to achieve high accuracy by
exploiting nonbiological site information (Figure 2B) (see pre-
vious section).

Harmonization methods aim to eliminate site-specific vari-
ability while preserving signals of interest. When properly
applied, they enhance statistical power, generalizability, and
interpretability (73,84-87). These methods can be broadly
classified into statistical approaches, primarily based on
ComBat, and deep learning (DL) methods. It should be noted
that data harmonization has different meanings across fields.
For example, in psychology it refers to aligning different tex-
tual expressions to a common, semantically equivalent form
(88). These fall outside the scope of this discussion. Finally,
although data harmonization can provide appealing advan-
tages, it may not be beneficial or even detrimental for some
tasks (89).

ComBat is a commonly used harmonization method in
statistical analyses and is the core of other proposed
methods. ComBat was developed for genomics and later
adapted for neuroimaging (76). Initially, ComBat estimates its
parameters using the entire dataset, which is appropriate for
statistical analysis but conflicts with ML principles—
specifically, it violates the separation between training and
test data, leading to data leakage (42,90). Extensions of
ComBat allow for train-test separation (31,76,90). Some of the
most prominent of ComBat’s limitations are that it assumes
that all features are in the same range, sites have similar
numbers of images (at least 20), and the variance is equally
distributed across sites. Additionally, it cannot correct fea-
tures covariance (91), and it cannot be applied to data from an
unseen site. Fortunately, several methods have been pro-
posed to overcome these limitations (see Table 1). Addition-
ally, the method struggles if site is a confounder (Figure 2B), as
it assumes that any nonshared variance across sites is un-
desirable and could remove target variance, unless the target
is preserved by specifying it as a covariate. However, this
requires knowing the target value at test time, introducing
leakage and precluding real-world application (92). Alterna-
tively, normative modeling has also been proposed for
harmonization, with the main difference being that the site
effects are not estimated and removed, but the data are
normalized instead (73).

DL-based harmonization methods offer a more flexible
data-driven approach (93) by leveraging different ML archi-
tectures (94-97). DL approaches do not explicitly make as-
sumptions about the nature of the site effects and can be
applied at the image or feature level and can harmonize data
from unseen sites. However, they require a substantial amount
of training data. Finally, phantoms or traveling subjects allow
training harmonization models without mixing biological and
site variance (98), but it is inefficient and costly (99,100).

In summary, data harmonization has become a funda-
mental step in large-scale neuroimaging analysis. While
acquisition sites mainly affect the features through instru-
mental factors, it can also affect the targets. It is essential to
adapt the harmonization approach to the specific context of
the study; in classical statistical studies, harmonization should
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Figure 2. Different possible scenarios of the impact of site on features and target. Depending on the influence of site on the target, site does not act as a

confounder (A) or does act as a confounder (B).

prioritize the removal of site-specific biases to increase sta-
tistical power. In ML applications, extra considerations must
be taken to correctly integrate harmonization methods in ML
pipelines to avoid data leakage, unintentional removal of
relevant signal, and ungeneralizable results. Choosing an
appropriate harmonization method critically depends on the
problem at hand, the data type (structural, functional or
diffusion MRI), and the overarching research question. De-
cisions such as harmonizing on voxel or feature level, avail-
ability of traveling subjects or longitudinal data, and
application on unseen sites are just a few examples of con-
siderations important to identify a suitable harmonization
method. While basic recommendations are presented in
Table 1, please see (73,84,93) for a detailed discussion.

POST HOC MODEL INTERPRETATION

In clinical and research applications, high predictive accuracy
alone is insufficient; understanding how models arrive at their
predictions is equally important. A model must be evaluated
beyond predictive accuracy (101), because it may incorrectly
rely on site-specific factors or spurious third-variable associ-
ations, such as predicting improved myocardial infarction re-
covery in smokers due to age-related confounding (i.e.,
smokers are younger with a higher chance of recovery) (102).
In psychiatry, an example of a common pitfall is the misattri-
bution of brain-related differences to a disorder rather than
medication effects. Model interpretability can help detect such
wrong associations. Beyond determining what a model pre-
dicts, model interpretation can clarify why it reached that
conclusion, ensuring meaningful and clinically sound findings
(108). By examining the model’s decision process, re-
searchers can check whether it is consistent with biological
and clinical knowledge before interpreting them as novel
biomarkers.

Interpretability can be achieved either by model-specific (by
design) or model-agnostic methods (103). By-design

interpretability uses inherently interpretable algorithms (e.g.,
decision trees, linear models) as they rely on internal repre-
sentations learned by the selected algorithm. For example,
decision trees reveal exactly how decisions were made, or
linear regression weights, particularly when Haufe-
transformed (104,105), provide reliable feature importances.
While informative, model-specific approaches restrict algo-
rithm choice and may be too simple for capturing complex
data patterns, potentially compromising predictive perfor-
mance. Nonetheless, they can be a suitable choice if they
align with the assumed variable relationships in the data.
Model-agnostic interpretation, in contrast, can be applied to
any model and must always be performed post hoc. In prac-
tice, psychiatric research questions likely will benefit from
more complex models; thus, we will focus on challenges
related to model-agnostic interpretation.

Consider a study yielding a successful model that accu-
rately predicts unseen data. The next step is to determine how
the model used the features to predict the target variable, i.e.,
to uncover the internal rules governing the model’s decision-
making process. Model-agnostic approaches quantify the
contribution of each feature to the model’s prediction by
performing predictions on perturbed input data and
comparing the outcomes (106). For example, permutation
feature importance (107) randomly permutes a feature (or set of
features) to break potential relationships with the target, com-
pares performances between original (unpermuted) and
permuted features, and the diverging loss in performance is
considered the feature’s contribution to the model’s prediction.
A widely adopted alternative is Shapley Additive exPlanations
(SHAP) (108), based on Shapley values (109), which de-
composes the predictions into additive feature contributions.
SHAP captures the relative importance of a feature in driving a
model’s decisions and is applicable to a variety of model types
by providing respectively suitable explainers [e.g., Molnar (103)].

Nonetheless, 2 caveats are critical when interpreting in-
sights obtained through post hoc model interpretation. First,
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feature importance is always assessed in a multivariate
context, i.e., the interpretation depends on the relationships
and interactions among all variables. A feature may appear
important because it provides information not captured by any
other variable. However, this does not necessarily imply that
the feature is informative about the target variable in isolation.
Conversely, a feature may appear unimportant because its
information is shared with other variables (multicollinearity). In
brain-related and psychiatric research, multicollinearities are
common (e.g., among neighboring brain areas or between
age, medication use, and illness duration). In such cases,
interpreting feature groups rather than individual features is
more meaningful. Usage of Owen values instead of SHAP
values can be a suitable solution (110). Second, and critically,
these methods estimate the contribution of features to a
model’s decision but do not assess whether the decision itself
is correct. A feature may strongly influence a prediction, yet
the prediction could still be incorrect. The insights from
explanation methods are inherently tied to the model’s pre-
dictive performance, reflecting only the aspects of the domain
that contribute beyond chance-level predictions. As feature
importance reliability is correlated with prediction accuracy
(104), feature importance results should always be presented
alongside performance metrics and not be interpreted as
clinically meaningful when performance is near chance level.

Taken together, model interpretation is as essential as
achieving high accuracy when applying ML approaches.
Importantly, interpretation methods should be applied only
after confirming that the model performs above chance level.
Unlike hypothesis testing with defined significance thresholds,
no standard defines how much above chance is enough to be
considered successful. This ambiguity, in combination with
the multivariate nature of predictive models, means that as
readers, we must interpret feature importances while carefully
considering the model’s limitations (also see CV Is an
Estimation). Generally, model-derived feature importances
should be related to existing domain knowledge to avoid
overinterpretating spurious results.

CONCLUSIONS

While ML provides powerful tools for neuroimaging-based
decision making in psychiatry, evaluating the generalizability
and reliability of such models demands rigorous scrutiny. CV
can inflate performance estimates, and findings may be dis-
torted by confounding variables, site-specific biases, or
spurious correlations that misrepresent true brain-behavior
associations. Importantly, the patterns uncovered by ML
models reflect the statistical structure of the data, not
necessarily causal or biologically meaningful mechanisms. To
draw valid inferences, researchers must adopt robust meth-
odological practices such as identifying and controlling for key
confounders, applying proper harmonization techniques, us-
ing independent validation datasets, and predefining analysis
pipelines.

Tools such as SHAP can support interpretation by high-
lighting which features contribute to predictions, but these
outputs must be considered in light of the model’s overall
performance —evaluated using clinically relevant metrics such
as accuracy, sensitivity, specificity, area under the receiver
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operating characteristic curve, and precision—and the context
in which the data were collected. Where appropriate,
decision-curve analysis and confusion matrices can help
assess the practical utility of model-guided decisions in psy-
chiatric settings.

Ultimately, we underline that ML should not be viewed as a
shortcut to understanding complex brain-behavior associa-
tions but rather as an approach that, when used carefully, can
generate testable hypotheses and clinically relevant insights.
We encourage both researchers and clinicians to interpret ML
findings with a critical eye, weighing methodological trans-
parency, validation rigor, and clinical plausibility to ensure that
conclusions reflect meaningful and generalizable relation-
ships, not statistical artifacts.
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Abstract

Machine learning (ML) offers transformative opportunities for neurobiomedicine, yet predictive
models often exploit confounding-driven associations rather than genuine biological mechanisms,
undermining generalizability and neurobiomedical validity. Current practice commonly defines
confounders heuristically (e.g., age, sex) or correlationally, risking confusion with colliders or
mediators. To address this, we propose a pragmatically integratable, causally informed three-step
framework for confounder selection and adjustment aimed to support debiased, meaningful
neurobiomedical supervised ML (SML) models. Step 1 involves a domain-knowledge-driven causal
analysis of a specific research question, formalized in a directed acyclic graph (DAG). Step 2 applies
graph-theoretic rules to the DAG to identify valid deconfounding variables. Additionally, it provides
strategies for unmeasured variables, including discussion of their theoretical and practical strengths
and limitations. Step 3 integrates the causal justification with empirical associations, ensuring that
only statistically relevant confounders are adjusted for. We illustrate the framework’s practical
application using a UK Biobank-based brain-behaviour prediction example and demonstrate the
substantial impact of confounding on predictive models — underscoring the necessity of proper
deconfounding. Despite the populartity of linear feature residualization, its reliance on linear
assumptions and adjustment of only features (or target) limits its effectiveness. As a potential
solution, we introduce double machine learning, originally developped for causal inference, and
discuss its adaptability to associative SML. Importantly, causally informed deconfounded SML
models should not be causally interpreted without further justifications. Nevertheless, they are
essential for producing robust, generalizable, and neurobiomedically meaningful predictive insights.

Keywords: machine learning, (de-)confounding, causality, DAG
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1. Introduction
1.1. Predictive analytics are a useful tool in neurobiomedicine if models are unbiased

Machine learning (ML) and artificial intelligence (AI) offer transformative potential in
neurobiomedical research and deployment. Using large, high-dimensional and oftentimes
observational datasets, ML enables the development of predictive models for identifying biomarkers
and supporting diagnosis, prognosis and treatment decisions !=. Predictive models thereby serve two
main purposes: (1) supporting scientific discovery by uncovering neurobiological mechansims and
(2) advancing precision medicine through clinical decision-making tools (e.g. 4).

Both goals require reliable models that generalize across settings. Scientific models (case 1) aim to
answer scientific questions such as identifying brain patterns linked to psychiatric conditions (e,g.
depression or schizophrenia *°). Achieving such a deeper understanding of neurobiomedical
mechanisms requires reliable and generalisable insights. Clinical (tools) models (case 2) must provide
generalizable predictions for consistent usability across hospitals and patient populations, akin to
standardized diagnostic tests. However, in both cases, the conventional emphasis on merely
maximizing model accuracy, can cause models to fail when applied to new conditions 7%, e.g. due to
data distribution shifts  or covariate shifts !*!! if the high accuracy was based on models overfitting
to specific datasets. Problematically, such failure of generalization is often accompanied by
unreliability of predictions 12715, A sole focus on accuracy maximisation hence risks overlooking of
biological and clinical meaningfulness of models.

One important but often underappreciated source of poor generalization and unreliable predictions —
beyond issues such as small sample sizes, poor regularization or model misspecification-is bias.
Biased models base their predictions on spurious associations rather than genuine biological
relationships (Figure 1a), hindering generalizability to new data. A key contributor to biased
supervised machine learning (SML) models is confounding, where a variable influences both the
input features and target outcomes (Box 1; confounder bias, Simpson’s Paradox). For example, in
psychiatric research, comorbid conditions (e.g. anxiety, substance use disorder), age or medication
use can influence both brain imaging features and psychiatric diagnoses, introducing misleading
associations and making it difficult to disentangle disorder-specific neural signatures from
overlapping, yet distinct, effects. For instance, a model might falsely attribute structural brain changes
to schizophrenia when, these changes are actually (partially) driven by aging or long-term medication
use. In essence, biased models incorrectly attribute effects such as a psychiatric condition to features
(e.g. brain measures) while the effects are actually due to another variable (the confounder), which
limits both generalizability and biological insights of a model.

Complex variable interdependencies in neurobiological research make it challenging to identify
which third variables (those that are neither features nor targets) qualify as confounders (and which
do not). In many biomedical disciplines it is common to correct for a conventionally established set
of confounders (e.g. demographics, lifestyle factors etc.), without transparent and systematic
justification 18, When justifications are provided, they often rest solely on report of statistical
associations between potential confounders and feature(s) (X) and/or target (Y) '*2°. However,
neither no justification nor justification through correlative patterns is enough. Instead, effective
confounder identification requires understanding the causal roles of third variables in the context of
a specific research question.

1.2. Causal justification is required for proper deconfounding

Correlation-based definitions alone are not enough because different types of third variables Z,
namely confounders, colliders and mediators (Box 1) could produce the same correlation between Z
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and both X and Y 8. This is problematic because only confounders should be controlled for, while
making sure to not correct for colliders as this would inadvertently introduce bias (collider bias (e.g.
21.22) 'Berksons’s paradox 23, Box 1). This implies that adjusting for a third variable is not always right
or not adjusting for it is always wrong. Rather, the decision depends on the process that generated the
data, which is what we are ultimately interested in to achieve both, better transportability and
generalizability of models and to better understand biological mechanisms. Consequently, arbitrary
or standard adjustments risk introducing rather than removing bias. While correlations do not differ
between types of third variables, directionalities i.e. causalities do differ (Box 1).

Directed acyclic graphs (DAG, Box 2) offer a principled way to clarify variable roles and systematize
relationships by encoding causal assumptions (directionalities) around the relationship of interest.
Additionally, they enable transparent communication of assumptions and are hence critical for
building unbiased SML models 2*?°. Constructing such DAGs requires domain expertise and
literature-based causal reasoning. As first objective, here, we will illustrate, how building such a DAG
can be achieved in the context of biological SML tasks, by leveraging a typically applied bottom-up
strategy from classical statistical causal inference to foster unbiased meaningful model development.

1.3. Challenge of unmeasured confounders in neurobiomedical observational data

Even with a principled, DAG-informed approach to confounder selection, a critical challenge
remains: relevant confounders may be unmeasured or entirely unobservable. This is especially
common in neurobiomedical contexts, where important biological constructs (e.g. hormone levels,
early-life adversity, genetic liabilities) may be latent, unrecorded, or infeasible to measure. In such
cases, standard confounder selection strategies, such as the so-called backdoor adjustment (see
chapter 2, step 2 and Box 3), fall short, and alternative strategies are necessary. To tackle this issue,
here as second objective we will introduce and discuss how a range of established methods from the
causal inference literature can be applied to the SML context to handle unmeasured confounding. We
neither claim novelty nor completeness of presented methods, but aim to build bridges between
disciplines by suggesting and discussing integrability and feasibility of tools for debiasing of
neurobiomedical SML models.

In summary, unaddressed confounding or improper handling of other third variables can lead to
biased SML models based on spurious associations, limiting their generalizability and interpretability
— issues that undermine model utility for clinical applications and mechanistic insights. Correlation-
based confounder selection, though commonly used, is inadequate. Because confounding is
inherently causal, we here advocate for the integration of causal reasoning into the confounder
selection process for SML workflows. Importantly, our goal is not to estimate treatment-outcome
effects, generate counterfactual data or build causal discovery graphs (identifying the correct DAG
from data) such as pursuit in traditional causal inference frameworks and causal ML approaches.
Rather, we aim to make causal inference principles accessible and practically useful for researchers
in neurobiomedical SML. Concretely, we propose an easy-to-follow stepwise framework for
identification of a suitable set of third variables to adjust for, and offer practical guidance for
unobserved or unmeasured confounders (chapter 2). Additionally, we discuss the limitations of post-
hoc linear (feature) residualization and explore the potential of adopting Double Machine Learning
(DML) as an alternative confounder adjustment strategy (chapter 3). While deconfounded ML can
support unbiased models, it does not equate to causal inference (chapter 4). By making causal
inference principles accessible to researchers working in neurobiomedical SML we aim to link
statistical prediction with causal reasoning. This offers a structured way to remove bias so that
confounder adjustment enhances rather than hinders model validity, reliability and generalizability.
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Figure 1. Illustration of concepts and statistical relationships of variables involved in the illustrative
prediction of hand grip strength (HGS) from gray matter volume (GMV). a. When investigation the
relationships between features X and a target Y, a confounding variable C can introduce a spurious
association, biasing the actual association of interest as it influences both the features X and the target
Y (inspired by 2°). b. Prediction of HGS from 1088 parcellated cortical, subcortical and cerebellar
GMV features in N=3620 healthy subjects from the UK Biobank using a linear support vector
regression (SVR) not adjusted for confounding (left) and adjusted for the identified deconfounders
muscle mass (MM) and sex (linear feature regression) (right). c. Pairwise statistical association
between features (GMV), target (HGS) and both deconfounders (MM, sex). GMV refers to a feature
vector with 1088 features so that correlations with the deconfounders are indicated as median value
(left and right plot, blue arrows) and correlation with the target as range (purple arrows). Violin plots
(middle plot) show the respective distributions of parcel-wise feature associations with the
deconfounders (blue) and the target (purple).

2. 3-step framework for confounder selection and adjustment

The core mechanism for unbiasing supervised ML models is through the identification of and
adjustment for a correct set of deconfounders. While confounders are all variables that confound the
X-Y relationship, deconfounders are a sufficient subset of confounders whose adjustment blocks non-
causal (confounding) paths between input features (X) and the target (Y) and enables unbiased
prediction (Box 3). Identification of a correct set of deconfounders requires a causal analysis around
the relationship of interest (X-Y) to identify different possibilities for confounder adjustment (Figure
2, step 1). Additionally, unbiasing may require strategies to handle cases of unobserved confounders
(once identified), an ubiquitous problem when using observational data as often the case in
neurobiomedical supervised ML (Figure 2, step 2). Once all adjustment variables have been
identified the statistical relevance of variables must be confirmed before adjusting the supervised ML
model (Figure 2, step 3). In the following we will detail each step and discuss benefits and challenges
in the context of deconfounding a supervised ML model. The fundament for all steps is built by a
causal analysis which is summarised in a directed acyclic graph (DAG) (Box 2). As this analysis
relies on domain knowledge about the process that generates the observational data all steps are



research-question dependent, i.e. there is no one-size-fits-all solution. We therefore exemplify each
theoretical step with a real-world example of a supervised prediction.

Concretely, the SML example is the out of sample prediction of the target Hand Grip Strength (HGS)
from T1w-MRI derived Grey Matter Volume (GMYV) features in the UK Biobank (UKB) 27 as a large
observational dataset (for methods see supplementary materials). In this example, a simple linear
support vector regression (SVR) prediction model (see methods) without confounder consideration
(vanilla model) can lead to a decent prediction as indicated by a correlation between true and
predicted HGS of 1=0.48 (Figure 1b, left). However, the following outlined stepwise approach for
correct deconfounding will clarify that this model is biased, i.e. the decent prediction is biased by
confounding signals.

2.1. Step 1 — The causal analysis

Conducting a causal analysis around the relationship of interest between input features (X) and the
target variable (Y) is the cornerstone for all subsequent steps. This analysis is formalized using a
DAG, which serves as a structured representation of the assumed causal relationships among all
relevant variables. The DAG allows to differentiate between various types of third variables (e.g.
confounders, mediators, colliders) and thereby helps to identify a suitable set of variables to adjust
for to block confounding paths between X and Y.

We here suggest a bottom-up strategy to guide the causal analysis and determine influential factors
on X and Y. This begins by asking about known and conceivable causes of the target Y. Starting with
Y, additional variables are iteratively added based on their potential causal influence — either on Y or
on other already included variables, until the network of relevant relationships is mapped.
Constructing valid directed edges (arrows) in the DAG requires domain knowledge and literature
justification to encode both empirically established and theoretically plausible cause-effect
relationships 28, While the process is inherently subjective, its strength lies in making modelling
assumptions explicit and transparent, in contrast to arbitrary or purely correlation-based confounder
selection. In the GMV-HGS example, the DAG might start with lower arm/upper body muscle mass
as established physiological cause of HGS (muscle mass — HGS) and sex-specific influences on
HGS independent of muscle-mass e.g. through sex differences in muscle function. Additionally, the
GMV is added as conceivable cause of HGS as GMV-HGS is the hypothesized predictive relationship
to be unbiased!. In the next iteration, known or conceivable causes of muscle mass could be sex
hormones, eating behaviour, strength training, age etc.. The GMV features are influenced by 77V,
age, sex hormones and further - potentially unmeasurable or unobserved - environmental and
behavioural factors. Iterating this process builds a DAG (Figure 3), where the bottom-up approach
allows to systematically disentangle the complex causal structure of intertwined biological,
environmental, and behavioural factors typical for neurobiomedical data.

A key challenge in confounder selection for predictive modelling is knowing when and if all
confounders were identified. This is where the concept of deconfounders becomes useful: Rather than
attempting to include a// confounders, the goal is to adjust for a sufficient subset that blocks all so-
called backdoor paths between X and Y (see Box 3 and step 2). The bottom-up construction process
helps determine when adding further variables does not yield meaningful gains in bias reduction. For
example, further specification of an unmeasured variable U: in Figure 3 would not change the
deconfounding status of the GMV-HGS relationship. In step 2 we will discuss existing options to
identify a sufficient set of deconfounders.

! As we leverage tools from causal inference, we will use terminology such as “X effects/causes Y and notation such
as X—Y, but we do not directly imply that the deconfounded SML model allows for causal claims. We will discuss
later in the paper where debiased SML can be positioned w.r.t. causal inference.



While the DAG relies on established causal relations, oftentimes not all links are well-known (yet).
In cases where domain knowledge is incomplete or even contradictory, the DAG must rely on
ambiguous cause-effect assumptions, so that multiple plausible DAGs may exist for the same research
question. Importantly, causal assumptions encoded in a DAG cannot be empirically verified using
observational data alone, and the bias from incorrect assumptions does not vanish with large sample
sizes ?°. To address this well-known challenge, the field of causal graph discovery offers methods for
learning DAGs from data (e.g. DAG-GNN, CAM, NOTEARS, LiINGAM, GES etc.), some of which
have been applied to uncover causal structures in areas such as Alzheimer's disease biomarkers 3.
However, such approaches are often (computationally) comprehensive research projects and therefore
not feasible as part of another project that targets the out-of-sample prediction of a feature-target
relationship rather than modelling the causal assumptions around this relationship.

Despite its limitations, a hypothesis- and literature-based DAG remains a powerful tool. Through
clear justification it enables formalization and transparent communication of assumptions,
strengthening replicability of the causal reasoning underpinning a model. Additionally, the DAG
provides a basis for interpreting model outputs contingent upon the used set of deconfounding
variables, based on the assumptions the DAG advertises. Perhaps most importantly, the causal
analysis forces researchers to precisely think about and critically engage with the question the model
is about to answer - an aspect sometimes falling short in pure data-driven approaches.
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Figure 2. 3-step framework for confounder selection with left panel describing the theoretical step
and the right panel illustrating it using the example of predicting hand grip strength (HGS) from
parcellated gray matter volume (GMV). Step 1 (beige) involves the causal analysis around the
research question of interest, illustrating bottom-up building of the DAG. A sufficient set of
deconfounders becomes clear from performing step 2 (chapter 2.2). Step 2 (purple) involves different
possibilities for identifying a proper set of deconfounding variables from the DAG built in step 1.
The backdoor criterion is the easiest applicable approach (chapter 2.2.1), but in case of unmeasured
deconfounders usage of the frontdoor criterium, instrumental variables or two proxies can serve as
alternatives (chapter 2.2.2). Step 3 covers the statistical evaluation of the identified deconfounders
with the features and the target as well as the statistical adjustment of the model. In the example
prediction, muscle mass was correlated with the 1088 GMV parcels in median by rmedian=-0.08 and
with HGS by r=.76 and sex was correlated (point-biserial correlation) with GMV by rmedian=-0.12 and
with HGS by r=.75 (Figure 1).



2.2, Step 2 — Identifying a suitable set of deconfounders and options in the case of unobserved
deconfounders

2.2.1. Identifying a suitable set of deconfounders based on the backdoor criterion

Unlike purely correlative approaches, causal analysis as formalized in a DAG distinguishes
confounding pathways from colliders and mediators (Box 1), enabling principled deconfounding
strategies (Box 3). The most direct method for identifying a suitable set of deconfounders is based on
the backdoor criterion 2°. A set of variables Z satisfies the backdoor criterion relative to the
relationship X-Y if (1) no variable in Z is a descendant of X, and (2) Z (all variables in the set) blocks
all backdoor paths from X to Y (Box 3). Graphically, this means that variables with arrows pointing
into X in the DAG qualify as valid adjustment variables Z, which when conditioned on, block non-
causal pathways (flow of information) between X and Y. Such deconfounder sets can be identified
manually by following graph rules in the DAG or automatized using dedicated tools (e.g. DAGitty 2
or CausalFusion (https://causalfusion.net)).

In the GMV-HGS example DAG (Figure 3), several confounding (backdoor) paths exist between
GMYV and HGS. One valid deconfounder set includes sex-hormone levels and age. Adjusting for this
set would block all backdoor paths and hence debias the prediction of HGS from GMV (Figure 3,
green). In practice, however, identified deconfounders may not be measured or unobservable. For
example, in the GMV-HGS prediction, although sex-hormone levels are included in the UKB, their
measurement occurred on average 14.79 years prior to the brain imaging (GMV) and HGS assessment
(session 0 vs. session 2). Given this substantial temporal gap, using sex-hormone levels would not be
valid for adjustments.

The first, and easiest way to overcome the problem of an unmeasured (set of) deconfounder(s) is by
still applying the backdoor criterion but trying to find alternative sets of deconfounders (alternative
routes) that would block all non-causal pathways. In the GMV-HGS example such an alternative set
could be sex and muscle-mass (Figure 3, purple), both of which are measured in the UKB for session
2. If such alternatives exist (as in our example) one can proceed to step 3 of the process. However,
there is a multitude of cases which lack any alternative measured deconfounder sets that satisfy the
backdoor criterion. The next sections therefore elaborate on three alternative strategies: front-door
adjustment, instrumental variables and proxies.

2.2.2. Alternatives in the case of unobserved deconfounders

2.2.2.1. Front door criterion

One alternative if deconfounders identified through the backdoor criterion are unavailable is front-
door adjustment ?°. It requires an intermediate variable F that meets three conditions: a) F intercepts
all direct paths from X to Y (i.e., X — F — Y, b) there is no backdoor path from X to F and c) all
backdoor paths from F to Y are blocked by X (Box 3). If these conditions are satisfied, the unbiased
relationship between X and Y can be estimated by combining the estimate of effect X—F and of
F—Y, circumventing the unobserved variable Z. In SML, this can be operationalised through two-
stage models: the first model predicts F from X and the second predicts Y from predicted F.

In practice, however, finding such a variable F is especially challenging in neurobiomedical contexts.
For example, in the GMV-HGS context, F would need to be causally affected exclusively by GMV
and independently affect HGS, without being subject to the same confounding structure—this is
typically hard to guarantee in neurobiomedical settings.


https://causalfusion.net)/

2.2.2.2. Instrumental variables (IVs)

Another frequently used alternative in the presence of unmeasured confounders are instrumental
variables (IVs) 3!. A third variable V qualifies as IV if it satisfies three assumptions: (a) independence:
The unmeasured confounder Z and V are independent (no arrow) (in short VL1Z); (b) relevance: V
causes X (V—X); (c) exclusion restriction: V affects Y only through X (V—X—Y) (no direct causal
connection V—Y) (Box 1). Conceptually, IVs can be understood as mimicking randomization or
simulating an experimental intervention. They thereby provide variation in X that is orthogonal
(independent) to the confounding structure. As there are no confounders of the relation between V
and Y, any observed association must be causal. Moreover, since V affects Y only via X, V allows to
isolate the variation in X free of confounding, enabling causal estimation even when Z is unobserved.
In SML practice, [Vs are used in a two-stage process, where in the first stage V is used to predict X
and this predicted X is used to predict Y. For example, in our neurobiological application, genetic
variants (SNPs) identified in genome-wide association studies (GWAS) could serve as potential IV
if there were a genetic variant known to affect GMV but assumed to not directly affect HGS.

While standard IV, as applied for causal inference, assumes linear relationships between V and X
(e.g. modelling the first stage as X=nV+e), the particular strength of transporting this approach to the
SML context is that using any kind of ML model for the first stage prediction can better capture
complex, nonlinear and interactive relationships between V an X. This is especially suitable for the
oftentimes high-dimensional setup of SML with potentially complex instruments and features.
Therefore, ultimately, the usefulness of this approach relies on the strength of the IV V and on how
well the features X are predicted from V: the better V and the better the prediction of X, the better
and less biased the final estimation of Y (in which we are interested) is.

However, IV estimation comes with trade-offs. Most notably, it can exhibit higher variance compared
to direct confounder adjustment methods, especially when the IV is weak (i.e. V only weakly predicts
X). Weak instruments introduce noise in the first-stage prediction, leading to noisy and unstable
second-stage estimates 2°. This resembles a classic bias-variance trade-off: while strong and valid IVs
can eliminate systematic bias from unmeasured confounding, especially weak IVs can lead to high
variance estimates. This issue can be exacerbated in neurobiomedical contexts, where identifying
strong and valid IVs can be particularly challenging. Meeting both, the independence and the
exclusion restriction assumption can be difficult given the biological complexity and
interconnectedness of (neuro)biological systems, such as the brain and the presence of systemic and
multiscale brain-body interactions. For example, an IV used to predict GMV might also directly affect
HGS. Moreover, the multivariate nature of brain features can make it difficult to identify true paths
of influence as the IV could affect different brain regions differently. Consequently, the effectiveness
of the IV approach in the case of unmeasured confounders depends on the strength and validity of
IVs which are difficult to find for multidimensional, multicollinear and causally intertwined data,
such as neurobiological data.

It is important to highlight here once again that while in treatment effect estimation IVs are used to
identify the causal effect of a treatment (e.g. drug assignment) on an outcome in a population, the
goal in supervised ML deconfounding is to train a predictive model that avoids spurious associations
due to confounding - improving generalizability and biological meaningfulness of models. Thus,
while the statistical machinery is similar, the objectives diverge: unbiased function approximation in
ML vs. estimating e.g. average treatment effects in causal inference.

2.2.2.3. Two proxies

Another strategy for debiasing SML models arising from unmeasured deconfounders - such as sex-
hormone levels in the prediction of HGS from GMYV - is the use of proxy variables. A proxy P is a
third variable that is causally influenced by a variable Z, here e.g. the unmeasured deconfounder, but
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does not itself directly affect the target or the feature(s) (Box 1). For instance, in the GMV-HGS
prediction, potential proxies for sex-hormone levels include voice pitch (Fs), waist-to-hip-ratio
(WHR), facial hair or ratio of index finger to ring finger length (2D:4D) - all of which are known to
be biologically modulated by testosterone levels (Figure 3, orange). Miao et al. 32 formalize the
conditions under which it is possible to use at least two proxies P1 and P2 to nonparametrically
recover the influence of the unmeasured deconfounder Z. This method requires three key
assumptions:

1) Conditional Independence

The proxies must be statistically independent of each other when the latent deconfounder Z is held

constant.

e Formally: P(P1, P2 |Z)=P(P1 | Z)-P(P2 | Z)

e Intuition: Any statistical association between, for example, voice pitch and facial hair should
be explainable solely by shared dependence on sex-hormone levels. This assumption is
biologically plausible since these traits arise from distinct physiological pathways—Ilaryngeal
development vs. follicular activation — with no evidence of a direct causal link between the
two.

2) Relevance Condition

Each proxy must provide nontrivial information about the unobserved deconfounder Z.

e Formally: P(P|Z=z1)#P(P|Z=z>) for some z1#z> (The conditional distribution P(P|Z) must
change as Z changes)

e Intuition: Changes in Z must induce systematic and detectable variation in the probability
distribution of each proxy. For example, testosterone levels during puberty lower voice pitch by
growth and thickening of vocal folds (Harries et al., 1998) and stimulate facial hair growth via
androgen receptor activation (Randall, 2008), i.e. both proxies respond systematically to
changes in the deconfounder. In contrast, a variable like 2D:4D, while causally downstream, it
is only weakly associated with prenatal testosterone exposure 3*. This weak and noisy variation
may thus make it fail to satisfy the relevance condition.

3) Rank Condition (generalization of earlier frameworks 3* that required functional links between
proxies and Z)

The joint distribution of the proxies varies sufficiently across values of Z to allow for its

reconstruction up to a transformation.

e Formally: The covariance matrix (conditional expectation operator) of the proxies given Z must
be of full column rank. This guarantees that the mapping Z—(P1, P2) is injective, so that
different values of Z produce distinguishable configurations of proxy values.

e Intuition: Both proxies are independent noisy reflections of Z, so that their combination
uniquely pins down the value of Z. For example, voice pitch and facial hair reflect testosterone
activity via partially distinct pathways, i.e. anatomical and functional independence of the
larynx and facial hair follicles. This suggests that their joint variation provides non-redundant
information about sex-hormone levels, making the rank condition plausibly satisfied.

A central challenge of proxy-based deconfounding is that the three conditions cannot be empirically
verified in a data-driven way, since the deconfounder Z is unobserved. For example, conditional
independence tests between voice pitch and facial hair (e.g., partial correlations, conditional mutual
information) require conditioning on the unmeasured sex-hormone levels. Using a cause of the
unobserved deconfounder as a surrogate variable (e.g. hormone intake) (Figure 3) might appear as a
good strategy for data-driven testing of proxy quality, but is conceptually flawed. For example,
hormone intake is a parent of hormone levels, not a noisy measure thereof, and thus violates the
structure required of proxies. Even if hormone intake were a proxy, it would not be valid to
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empirically assess the conditional independence of two proxies based on another proxy. Similarly,
the relevance and rank conditions depend on the structure of the mapping from Z—P, which requires
direct observation of Z. Consequently, the credibility of proxy-based deconfounding must rest on
domain knowledge and theoretical justification. This includes extending the DAG from step 1 to
incorporate candidate proxies by justifying each edge and the plausibility of the three conditions
based on known biology. For instance, one can argue that voice pitch and facial hair fulfill all three
conditions to serve as proxies for sex-hormone level given established physiological mechanisms,
whereas 2D.4D may fail the relevance criterion due to weak variation.

Voice pitch fo Waist-hip ratio Index finger:ring finger @ (
length
v =
Proxies for unmeasured
@ sex-hormones

strength
IV training
L4
Y
.- @ muscle mass
Y - -

GMV - > HGS [ Target j

Set of deconfounders 1

-

—

Set of deconfounders 2

-

Unmeasured variables

sex hormones

contoundr
-=------») confounding paths

( Features j

Figure 3. Example DAG for deconfounder identification for the GMV-HGS prediction example
resulting from causal analysis following the framework outlined in Figure 2. Two example
confounding paths are highlighted in red (not comprehensive). Considering all confounding
pathways, one potential minimal set of adjustment variables (deconfounders) is sex hormones and
age (set of deconfounders 1). As sex hormones are unmeasured in the exemplary data sample, an
alternative sufficient set of deconfounders would be muscle mass and sex (purple). Both sets qualify
to block all non-causal pathways following the backdoor criterion and are hence a sufficient subset
of variables to debias the predictive GMV-HGS model.

2.2.24. Broader reflections on handling unmeasured confounders

Despite their appeal, the success of strategies such as front door-adjustment, IVs and proxies hinges
on the availability of high-quality variables. For example the IV approach requires strong instruments
V to avoid high variance and imprecise estimates. Proxy approaches in contrast risk bias if the proxies
fail to adequately capture the unmeasured deconfounder’s information.

Beyond variable quality, the validity of these strategies depends entirely on correct specification of
the underlying causal structure. Mischaracterizing causal roles or dependencies can lead to biased
estimates, undermining the very purpose of deconfounding. This emphasizes a central point: no
deconfounding strategy can rescue missspecifications of causal relationships. If the DAG fails to
reflect the data-generating process, all derived adjustments risk introducing rather than mitigating
bias.

As aresult, in practice, it is often advisable to favor the simplest deconfounding approach, i.e. where
the least assumptions must be fulfilled, making the backdoor criterion an attractive choice, if the
respective variables are available. The list of discussed alternative strategies is not exhaustive but
reflects approaches that are (i) grounded in causal theory, (ii) transparent in their assumptions, and
(ii1) reasonably implementable in real-world datasets.
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2.3. Step 3 — Statistical evaluation and adjustment

2.3.1. Statistical evaluation

In the GMV-HGS prediction example, the unmeasured deconfounder sex-hormone levels can be
circumvented by using an alternative set of backdoor-justified deconfounders, namely muscle-mass
and sex instead of age and sex-hormone levels (Figure 3, orange). Both alternatives are availably
measured in the UKB at the same time point as HGS and GMV. and causally relevant as per the DAG

(step 1).

In addition to causal relevance, deconfounders need to be statistically associated with both feature(s)
and the target as causal relationships only become actionable when they manifest in the data *>. We
nonetheless put the causal analysis first because this allows for a bottom-up identification of
deconfounders (as classically pursuit in statistics) in contrast to a top-down pre-definition of
confounders which can create insecurities about what variables to include as confounders (see step

).

The threshold for what qualifies as sufficient statistical association depends on context, comparable
to no hard threshold in for example nul hypothesis testing (convention of p<.05 or p<.01). In our
example, sex correlates? with HGS at r=.75 and with GMV at rmedian=-.12; muscle mass correlates
with HGS at r=.76 and with GMV at rmedian=-.08 (Figure 1c). The relatively low median correlations
between the deconfounders and GMV arise from the multi-dimensionality of the GMV features (1088
brain regions), many of which show heterogenous associations — positive in some regions, negative
in others - resulting in a median near zero. This is important to note as statistically unrelated
deconfounders should not be adjusted for. In the best case such adjustment would be irrelevant but
in the worst case it can introduce bias by leaking information from the deconfounder into the feature
or target in the adjustment process *¢. Lastly, there also must be a statistical association between GMV
(X) and HGS (Y) (Figure 1c) to assure predictability (even though potentially biased) and thereby
debiasing (deconfounding) meaningful.

2.3.2. Deconfounding using linear residualization

Once deconfounders are identified through both causal justification and empirical association (in our
case: sex and muscle mass), models can be adjusted. In SML several (post-hoc) confounder mitigation
strategies exist. One of the most established approaches is linear residualization, where confounder
information is mass-univariately linearly regressed out of features or the target (e.g. *7)
(residualization). In our example, we residualized the GMV features for the identified deconfounders
muscle mass (operationalised as lean mass) and sex. Using a linear SVR (L2) model trained on
residualized features, we observed no correlation between true and predicted HGS (r=0.00, R2<0?;
Figure 1b, right) (for methods see supplementary materials).

This constrasts strongly with the unadjusted model, which yielded 1=.48 (R?>=.09) between true and
predicted HGS (section 2). Keeping in mind the combination of a simple linear SVR with linear
confounder regression, the collapse in predictive performance after deconfounding implies that the
earlier performance was largely driven by confounding bias. In other words, the unadjusted model
did not learn meaningful biological relationships between GMV and HGS but rather exploited
demographic and behavioural correlates. Such a model would likely fail in datasets with different
distributions of sex or muscle mass, undermining both generalizability and scientific insights.

2 Point-biserial correlation (see methods in supplementary materials for details).
3 R%refers to the coefficient of determination as commonly used in the ML literature and not to squared correlation
values.
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On the other hand side, the poor performance of the unbiased model does not necessarily imply the
absence of any meaningful GMV-HGS relationship. Instead, it signals that a simple linear model may
be insufficient to capture more nuanced, biologically plausible patterns in the data. Further
exploration using non-linear models or multimodal inputs may be required to recover valid signal
under proper deconfounding constraints.

3. Limitations of linear (feature) residualization and alternative approaches

3.1. Limitations and strength of linear feature residualization

Linear residualization of features is commonly used in neurobiomedical predictive modelling for
confounder adjustment. Despite its popularity, it has two main limitations relevant to this work,
namely (1) the assumption of a parametric linear relationship between confounders and each feature
and/or the target, and (2) the adjustment typically being applied to features or target, not both.

First, linear residualization effectively only removes linear confounding effects. While this may be
sufficient with linear predictive models, it becomes problematic with non-linear prediction
algorithms. These can leverage residual non-linear confounding information, resulting in biased
predictions despite linear adjustment.

Second, standard practice in SML often involves residualizing either the features or the target, but
rarely both. Typically, only features are adjusted to preserve interpretability of the target, which often
represents the neurobiological entity of interest (e.g. diseases status, cognitive score). In the
following, we elaborate why one-sided confounder adjustment can be of concern.

3.1.1. On the potential benefits of feature and target adjustment — signal contribution
perspective

Linear residualization of only the features X implicitely assumes that all variation in the target Y that
is associated with confounders Z is fully captured by X. In practice, this assumption rarely holds.
While residualizing X removes the confounders’ variance from X (“clean” features), it leaves
confounder-related variance in Y. Thus, Y is still partially influenced by Z so that the statistical
relationship between X and Y becomes misaligned: the model attempts to predict Y from features
that no longer carry the Z-related information, while Y still contains it. This misalignment can have
two main consequences. First, the one-sided adjusted model may remain partially biased. Since
confounding variance remains in Y, the model may over- or under-estimate relationships between X
and Y, depending on the structure of Z’s effect. Second, predictive accuracy may be reduced because
the remaining information in residualized X cannot explain the signal in Y linked to Z. In effect, while
there is no formal guarantee that residualizing both X and Y is benefitial, it could improve statistical
alignment between features and target, supporting potentially less biased and more accurate
predictions.

3.1.2. Necessity of feature and target adjustment - causal perspective

As confounding is inherently a causal concept, causality-based reasoning offers a deeper lens to
understand the limitations of only feature or only target residualization. Previously, we introduced
the backdoor criterion as a method solely for confounder identification based on a DAG. But it does
more than this: Being rooted in causal literature, it provides a formal basis to estimate the
interventional causal effect of X on Y — expressed as P(Y|do(X)) (Box 2).

This interventional distribution represents the probability of observing Y=y when actively intervening
to set X=x in the population. In contrast, the potentially confounded observational distribution P(Y|X)
reflects the probability of observing Y=y among individuals for whom X=x is observed, regardless
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of other influencing factors. For instance, P(HGS=29kg|GMVanterior globus pallidus=300mm?)* might
conflate effects of sex or body composition, whereas
P(HGS=29kg|do(GM Vanterior_globus_paltidus=300mm?)) isolates the interventional causal influence of

GMV (Box 2).

According to the backdoor adjustment formula 38, for variables Z that satisfy the backdoor criterion,
the interventional distribution can be computed as:

P(Yldo(X))=3,P(Y | X =xZ = 2)P(Z = 2)

Here:

o P(YIX, Z=z) is the conditional observational distribution, i.e. how likely it is to observe a
certain value Y, given that a certain value X=x and Z=z was observed (e.g.,
P(HGS=29kg|GM Vanterior globus pallidus=300mm?, sex=female)), and

e P(Z=z) is the marginal probability distribution of Z (e.g., P(sex=female) = 0.6 if 60% of the
population are female)

This formula tells us that to estimate the interventional causal effect of X on Y, we must assess the
conditional probabilities P(Y|X=x, Z=z) across all levels of Z (e.g. male, female), then aggregate
them using the prevalence of each z in the population as weights. For example, the causal effect of a
GMV of 300mm? in the left anterior globus pallidus on HGS would be obtained by summation
(discrete Z) or integration (continuous Z) of the weighted conditional distributions over all sexes:
P(Y | dO(X = 300)) = Zze{male,female} P(Y | X =300,Z = Z)P(Z = Z)~

Evaluating each level of the confounding variable Z separately is essential. By holding Z constant, its
influence on the X-Y relationship is effectively neutralized. This ensures that any observed variation
in Y can be solely attributed to changes in X, comparable to the strategy of matching samples.
Moreover, by aggregating across all levels of Z using a weighted sum (or integral), the approach
estimates the effect of setting X=x in the entire population, rather than being limited to the
subpopulation for which X=x is naturally observed. Together, by conditioning on Z, this strategy
eliminates variation in the X-Y relationship from shared dependence on Z, effectively blocking
information flow along the non-causal backdoor path from X to Y via X «— Z —Y. As a result, any
remaining association reflects the direct interventional causal influence of X on Y.

In predictive SML, we approximate this idea using residualization. Instead of adjusting additively as
in the backdoor formula, residualization removes the influence of Z subtractively by regressing it out
from both X and Y. This yields:

o Xiesid = X = X—X(Z) (features orthogonal to (independent of) Z)
* Yisia=Y =Y-Y(Z) (target orthogonal to (independent of) Z),

with X and Y being the respectively predicted values of X and Y from Z. A model is then trained to
predict ¥ from X. This procedure removes Z-related variation from both the features and the target,
i.e. cutting off both Z — X — Y and Z — Y, so that the remaining signal in the model now reflects
the component of X that explains variation in Y independent of the confounders Z. In this sense, dual
residualization (adjusting both features and target) enables not just proper model debiasing, but could
additionally provide the opportunity to examine causal effects of X on Y using predictive models.
However, as discussed below, the conditions under which causal claims from deconfounded SML
models are valid must be carefully examined.

* The probability of observing a HGS (Y) of 29kg (y) in people where the GMV of the left anterior globus pallidus (X)
is 300mm? (x).
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3.1.3. Reasons linear (feature) residualization is used despite limitations

Despite well-founded arguments for residualizing both features and the target and for using non-linear
models for confounder adjustment, linear feature residualization remains common, especially in fields
such as brain-behaviour predictive modelling. One reason is its simplicity: assuming linear
confounder-feature/target relationships limits overfitting risk, avoids hyperparameter optimisation,
and makes the residualization easily integratable in SML cross validation (CV) pipelines without
leakage. This makes it a practical choice for achieving debiased predictions.

Another key reason is that residualizing only features preserves interpretability of the target, which
is typically the scientific or clinical interest (e.g. disease status, cognitive score, age). Residualizing
the target can obscure its meaning. In such cases, quantifying confounder-target associations (see
section 2, step 3) can support informed decision and transparent communication of the trade-off
between confounding influence and target interpretability.

Additional reasons include established practice, limited tooling, and the sometimes implicit
misconception that cofounders affect the target only via features (Z—X—Y), ignoring direct Z—Y
pathways. More broadly, while linear feature residualization is an established convention, a causal
approach to confounding is less widespread in certain SML communities. Finally, clear, accepted
alternatives are scarce. While alternatives such as double/debiased machine learning (DML) *° can
offer more thorough bias removal, they are designed for causal inference and are not (yet) adopted
for debiasing prediction models.

3.2. Double/Debiased machine learning to overcome the limitations of linear feature
residualization for debiasing SML models?

Double/Debiased Machine Learning (DML) *° is a method to estimate causal parameters, such as
average treatment effects in the presence of high-dimensional confounding. It is both theoretically
well established and practically implemented in various Python and R based toolboxes such as
EconML (e.g. 4°) or DoubleML (e.g. *!). While we leverage causal tools to unbias SML models, they
leverage SML tools (correlative) to obtain unbiased causal parameter estimates. Even though
originally developed for causal questions, DML provides valuable insights that may be repurposed to
improve confounder adjustment in supervised machine learning (SML) under theoretical adaptation
and practical considerations.

3.2.1. DML — the method

The DML framework targets the estimation of a causal parameter 8o from data W = (Y, D, X¢), where
Y is an outcome, D a treatment variable and Xc a potentially high-dimensional set of confounders®.
The relationship between variables is described by two partially linear models:
(1) Treatment/Confounder-Outcome relationship:
Y=D-0o+go(Xc)+U (D
with stochastic errors U, following E[U|D,Xc]=0
(2) Treatment-Confounder relationship:
D=mo(Xc)+V (2)
with stochastic error V, following E[V|Xc]=0

5 We here stick with the variable naming as used by Chernozhukov et al. (2018), where they use X for confounders and
not features like in the SML context. For distinction we label it here Xc. D would resemble a binary feature (0 or 1) in
the SML context.
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While the treatment-outcome relationship is assumed to be linearly described by the causal parameter
0o, the nuisance functions go and mo that model the respective relationship with the confounders can
be high-dimensional, non-linear and complex, hence the suggested usage of regularised SML tools,
such as LASSO or [; -penalized neural networks, to get an estimate of go, i.e. 0. Regularised
algorithms are useful to resolve bias-variance trade-offs in a prediction context but would lead to a
biased estimate of the regression coefficient 8o if the prediction go would be directly plugged into (1).
To counter this, DML introduces a cross-fitting strategy, splitting the data into an auxiliary and main
subset: The nuisance functions mo and go are learned on the auxiliary data and treatment D and
outcome Y are residualized (D, Y) with their predicted values D and Y obtained using (2) and (1),
respectively. D and Y are orthogonal (independent) to Xc and can therefore be used to get a debiased
estimate 6o on the separate main data, ensuring so-called Neyman orthogonality. This orthogonality
condition is key to robustness, as it guarantees that small errors in nuisance estimation g and mo do
not substantially bias the estimate 6o.

3.2.2. Transferring the DML approach to debiasing SML models — challenges and
opportunities

Directly translating DML framework into the SML context poses nontrivial methodological and
practical challenges®. Fundamentally, the objectives differ: while DML aims to recover a treatment
effect 8o, SML seeks to build predictive models of Y that are robust to confounding.

Methodologically, an essential aspect of DML’s theoretical foundation lies in its use of sample
splitting into auxiliary and main datasets (or generalized to k-fold), which allows the scaled estimation
error of the target parameter 0o (i.e.,Vn(8, — 6,)) to be decomposed into three terms which under
certain constraints vanish asymptotically. Specifically, for the third term in this decomposition

(equation 1.6 in Chernozhukov et al (2018): \/%Zie, Vi(Go(X:) — go(X;), I: main sample split of size

n) its probability vanishes due to the use of the sample-splitting strategy. However, this result has
only been rigorously proven for the partially linear model. In contrast, SML typically seeks to
estimate complex, potentially non-linear relationships between the target Y and the features X.
Therefore, before DML can be validly applied in SML contexts, it would be necessary to establish
that the required assumptions still hold under such general, non-linear settings.

While the features X in SML are seen as the conceptual anologous of the treatment D in DML,
dimensionality roles are reversed. DML is developed under the assumption of a binary treatment D
and high-dimensional confounders Xc, whereas in SML the roles are reversed: features X are high-
dimensional, and confounders C are few, which can fundamentally alter the estimation landscape.
Although the original DML framework allows some flexibility in dimensionality of the treatment
variable (footnote 1 in Chernozhukov et al (2018)), using a high-dimensional feature matrix X as a
“treatment” analogue can introduce complications. With high-dimensional features X, such as 1088
brain regions in the GMV-HGS example, modelling the confounder-feature relationship involves
predicting multivariate targets because the features of the actual prediction aim become the targets of
the confounder-feature modelling’. This presents two modelling options: (1) fitting a multi-output
model with e.g. 1088 targets and only few inputs (e.g. the confounders sex and muscle mass), or (2)
training e.g. 1088 separate models in a mass-univariate fashion. While the latter is common in typical
linear feature residualization, more complex models require different ML strategies such as nested
cross-validation and are more prone to overfitting. Crucially, if the orthogonalization step that relies
on residualizing X and Y is not implemented with sufficient precision due to model misspecification

¢ In the following we will adopt the following notation: Y: outcome or target, Z: confounders, X: features in the SML
sense, D: treatment in the DML sense. The features X in SML are the conceptual anologous to the treatment D in DML.
7 Comparable to equation (2) for the treatment estimate D, but while D is binary in DML, X here is high-dimensional.
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or overfitting, then the cross-fitted bias term (equation 1.6. in Chernozhukov et al (2018)) might not
vanish as expected, leaving residual bias even after cross-fitting.

Adopting DML to the SML context practically introduces challenges to model training. The DML
procedure only requires cross fitting for confounder modelling but uses a linear regression for
treatment effect estimation. In contrast, SML relies on complex models for predicting Y from X that
already require nested cross-validation. When now feature and target residualization additionally
require complex ML models which each need nested cross-validation, the resulting data partitioning
becomes intricate. Concretely, it requires a first split into auxiliary and main folds (as per the DML
framework), and then internally within the auxiliary and main fold further splits for nested cross-
validation for hyper parameter optimisation (inner loop) and estimation of generalization error (outer
loop) of all nuisance models (in the auxiliary fold) as well the actual SML model (in the main fold)
(Figure 4). This hierarchical structure not only sharply reduces the effective sample size available
for training and adds substantial computational burden, it also increases susceptibility to data leakage,
especially when additional preprocessing or feature selection steps are needed.

Finally, the conceptual concerns remain regarding target residualization and interpretability. In causal
inference, residualizing the outcome is unproblematic because the causal estimand 6o is the parameter
of interest. In SML, however, the original target is the quantity of interest, such as HGS in the above
example, not some derivative thereof. Hence, it is problematic that residualized targets are not directly
neurobiologically interpretable.

Despite these challenges, adapting DML principles to the SML setting opens promising avenues for
improving confounder-adjusted predictions. First, it strengthens the rationale for residualizing both
features and the target — a deliberate trade-off between complete removal of confounding information
and preservation of target interpretability. Second, DML provides a mathematically well-theorised
framework for employing flexible ML estimators in residualization, extending beyond simple linear
regression. Third, the cross-fitting scheme central to DML highlights the need for separate data
partitions to prevent overfitting of complex nuisance estimators. SML pipelines do rely on data-
splitting through nested cross-validation for hyperparameter optimisation (inner loop) and out-of-
sample performance generalization estimation (outer loop). However, confounder adjustment is
conducted within each fold of the innermost data split rather than on independent partitions.
Incorporating an additional cross-fitting step (Figure 4), inspired by DML, could therefore enhance
SML practice by yielding out-of-sample confounder-adjusted feature residuals, ensuring robustness
of confounder adjustment models to overfitting even when complex models are employed.

In summary, the DML framework provides a powerful tool for debiased causal estimation, with
potential to inspire more thorough confounder adjustment in SML. However, its direct application to
building debiased SML models requires further theoretical and practical adaptations.
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Confounder ML model ML models of interest

1. Confound | Auxiliary data Main data
regression split
(could be k-fold)

Use for nested CV for Z and ¥ from Nested CV (classic SML setup) to predict y
deconfounders () from X

Outer k-fold CV loop Generalisation estimate

2. Outer k-fold CV | | | | -
loop (generalization v
estimate) Retrain on entire auxiliary data
v

Train model and compare with

L —> validate Residualization Z and ¥
validation set

Inner k-fold CV loop

3. Inner k-fold CV_ | | | | N

loop (hyperparameter
optimization)

Train models to get best  validate
hyper parameters (k values)
— retrain with best

Figure 4. Theoretical cross validation scheme in case of the application of core DML principles
to SML. Illustration of the hierarchical data partitioning required when combining Double/Debiased
Machine Learning (DML) sample splitting with nested cross-validation (CV) for supervised machine
learning (SML). First, the dataset is split into auxiliary and main folds according to the DML
framework, enabling cross-fitting of nuisance models on the auxiliary data to prevent overfitting.
Within each fold, further nested CV is required: an inner loop for hyperparameter optimization and
an outer loop for out-of-sample performance estimation of both the nuisance models (in the auxiliary
fold) and the main SML model (in the main fold). This multi-level split could support proper
residualization of features (and targets) by enabling more complex models for confounder adjustment
through limitating the risk of overfitting. However, it substantially reduces effective sample size,
increases computational cost, especially when the auxiliary-main split is also extended to k-fold splits.
Additionally, it raises the risk of data leakage if additional preprocessing or feature selection is
performed.

4. Positioning of deconfounded SML between predictive modelling and causal inference

Deconfounding supervised machine learning (SML) is necessary to mitigate bias in predictive models
but additionally can bring SML closer to causal inference. SML is fundamentally associative,
capturing statistical patterns based on conditional, marginal, or joint distributions. However,
sufficient deconfounding, e.g. by drawing inspiration from double machine learning (DML), could
enable causal interpretation in SML models. Therefore, the question arises: how far can SML go
beyond prediction toward interpretable causal claims?

To contextualize the question, a recap of basic causal inference concepts is helpful. Accordings to
Pearl’s ladder of causation, SML operates at the lowest, associational rung (e.g. P(Y|X)), whereas
causal inference aims for higher rungs, namely interventions (P(Y|do(X))) or counterfactuals, which
require additional structural assumptions 2642, Central to causal inference is treatment effect
estimation, either at the individual level (ITE) or averaged across a population (ATE). Randomized
control trials (RCTs) enable causal identification via randomization, ensuring
exchangeability/ignorability (no unmeasured confounders). When RCTs are unfeasible frameworks
such as Structural Causal Modeling (SCM) 4, Rubin’s potential outcomes framework ***° and
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Structural Equation Modeling (SEM; 46 offer alternatives. SCM, in particular, fromalizes causal
assumptions about the data-generating processes via DAGs, enabling identification of confounders,
mediators, and colliders.

4.1. Distinction of causal Machine Learning from debiased SML

Causal machine learning (causal ML) aims to bridge ML and causal inference, shifting focus from
prediction to estimating interventional effects. For example, instead of predicting diabetes risk, causal
ML might estimate how a lifestyle intervention changes diabetes risk.

As outlined by Feuerriegel et al. 7, causal ML typically involves:

(1) Problem setup: Defining the causal question quantity of interest (e.g., ITE/ATE, Conditional ATE)
and relevant variables (treatment, confounders, outcome) and assessing the plausibility of
assumptions;

(2) Choosing and fitting the causal ML methods (e.g. causal forest, meta-learners, Bayesian
networks).

Even though the problem setup evaluates plausibility of assumptions, integrating an explicit step to
model causal variable relations would further strengthen the selection of relevant variables and ensure
appropriate confounder adjustment (here: chapter 2). Beyond causal ML for treatment effect
estimation, newer directions include counterfactual data generation e.g. through deep learning and
causal graph discovery to learn DAGs from data to complement expert-driven causal modelling.

Despite these causal ML applications, the question remains, if and how debiased SML could allow
for causal insights not in the sense of estimating treatment effects but in the sense of understanding
causal feature-target mechanisms. For instance, rather than associative prediction of HGS from
parcellated GMV, causal SML would ask if the GMV in the left anterior globus pallidus is a causal
driver of HGS, aiming for biological mechanisms rather than statistical associations.

4.2. Assumptions required for causal interpretability and positioning of debiased SML

To evaluate the potential of SML for causal insights, key assumptions from causal inference must be
considered and evaluated whether they can be met in debiased SML models, particularly in
neurobiological contexts.

1. Ignorability: All confounders must be observed and accounted for. Our DAG-guided framework
and DML discussion aims for this, though high-dimensional, intertwined neurobiomedical data
and methodologcial limitations make full coverage challenging.

2. Causal Markov Assumption: Variable must be conditionally independent of their non-
descendants given their direct causes. For instance, HGS is conditionally independent of sex
hormones given muscle mass (Figure 3). This assumption must be assumed in expert-defined
DAGs, but biological systems may require or inadvertently contain (hidden) cycles, undermining
causal interpretation.

3. Positivity: All levels of the treatment (features, e.g. low/high GMV) must occur across all
confounder strata (e.g. young/old). For instance, usually low GMV is particularly associated with
older age, but not observed in young adults, so it cannot be identified what would happen if a
young person had low GMYV, violating positivity. In ML terms, this corresponds to poor
extrapolation, covariate shift or domain mismatch challenges. Even a deconfounded model cannot
learn a causal relationship in regions of the feature space that are unobserved or underrepresented.

4. Faithfulness (Absence of Coincidental Independencies): All observed conditional
independencies (Box 2) in the data correspond to those implied by the structure of the causal DAG
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and are not the result of numerical coincidences or cancellation effects. Faithfulness links
statistical patterns to causal structure. Faithfulness would for example be violated in a setup with
GMV-> HGS, physical activity-> HGS and physical activity-> GMV, if the effects of GMV->
HGS and physical activity-> HGS are equal in magnitude but opposite in direction. The net
observed association between GMV and HGS could be close to zero, despite a true underlying
causal pathway. This creates a conditional independence in the data that does not match the actual
DAG. Sometimes unfaithfulness can be prevented by confounder correction, but generally is a
bigger concept, ruling out all statistical independencies that result from exact numerical
cancellations, not just dues to confounidng. Although strong and ultimately untestable, faithfulness
is often regarded as a reasonable default assumption—unless there is domain-specific reason to
suspect causal cancellations.

5. Consistency: An individual’s observed outcome must equal their potential outcome under a
certain treatment. In our context, if a person has a specific GMV level, their observed HGS is
assumed to reflect what would occur under that same GMV level in a counterfactual scenario.
Additionally, it assumes no interference between individuals, akin to the independent and
identically distributed (i.i.d.) assumption in ML. Violations occur when identical treatment/feature
values (e.g., GMV) arise from different biological processes — such as lifelong physical training
in one person versus genetic predisposition in another — potentially leading to different outcomes
(HGS) despite the same observed GMV. This illustrates a key limitation of applying debiased
SML for causal insight in complex biological systems with latent heterogeneity.

4.3. How much causal claims do properly debiased SML models allow for?

Given the discussed constraints, how far can a well-deconfounded SML model support causal
interpretation of the relationship between X and Y? Consider a well debiased SML model: Relevant
confounders are correctly identified, features and the target are appropriately residualized (linearly
and non-linearly), and predictive performance is high. Can we then conclude that X causes Y?

Not necessarily. While such a model may hint towards a causal relationship, it does not guarantee
one. Violations of assumptions, such as unobserved confounding (violating ignorability),
unaccounted DAG cycles (violating the causal Markov condition), or features reflecting proxies for
latent biological processes (violating consistency), can still hinder a causal interpretation.

Even if all assumptions hold, interpreting the learned association P(Y|X) as the interventional
distribution P(Y|do(X)) remains problematic due to ambiguity of causal direction. SML models
estimate P(Y|X), which is direction-agnostic®. For instance, predicting blood pressure (Y) from drug
dosage (X), reflects learning in causal direction (X — Y), while predicting disease status (Y) from
brain structure (X) may reflect learning in anti-causal direction (Y — X) - yet in both cases, the model
is trained to predict Y from X 5.

In the GMV-HGS example, predictions by a SML model may reflect GMV affecting HGS (e.g. motor
cortex GMV determines strength) or HGS influencing GMV (e.g. strength training induced
neuroplasticity). Both pathways are biologically plausible. Moreover, high-dimensional models, such
as the exemplary one using 1088 GMV parcels, likely capture mixtures of causal, anti-causal, and
non-causal patterns, reflecting the dynamic, bidirectional nature of brain-behaviour relationships.
Disentangling these directions requires additional information: domain knowledge, experimental
interventions, or further modelling assumptions such as additive noise models, invariance, or
algorithmic asymmetries (see e.g. work from Scholkopf et al. for details).

8 Direction-agnostic in the causal sense that it doesn’t tell whether X—Y or Y—X, not in the symmetric sense, as
P(Y|X) # P(X]Y).
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In summary, debiased SML models can offer insights consistent with causality, but not proof of it. In
addition to proper deconfounding, causal assumptions must be satisfied and the model’s predictive
direction must align with the true data-generating process. Because SML inherently learns P(Y1X),
interpreting this as P(Y|do(X)) requires a strong justification without which any causal interpretation
remains suggestive rather than definitive.

5. Conclusion

Confounding is a major source of bias in neurobiomedical supervised predictive modeling, and
principled confunder selection - beyond correlation- or heuristic-based justification - is essential for
meaningful predictions. We propose a three-step framework for confounder selection - causal analysis
via DAGs, guidance for appropriate deconfounder selection strategy, and statistical validation - that
integrates tools from causal inference into associative supervised machine learning (SML). While
linear (feature) residualization is commonly applied for confounder adjustment, it is limited in
handling complex, non-linear confounding and may leave residual confounding signal. Approaches
such as Double/Debiased Machine Learning can inspire improved adjustments in SML workflows
but theoretical and practical challenges remain. Importantly, even with appropriate deconfounding,
SML remains fundamentally associative, and causal interpretations would require additional
assumptions. Nonetheless, properly deconfounded models are critical for generalizable and
neurobiomedically informative supervised predictive models, forming an indispensable foundation
for neurobiomedical ML research.
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Box 1 — Types of third variables and associated biases

When investigating the relationship between a predictor (feature) X and an outcome (target) Y,
third variables can be related to X and Y in different ways. The different natures can be best
visualized by using directed acyclic graphs (DAGs) (Box 2).

Types of third variables

A confounder Z is a (direct or indirect) common cause of the feature X and the target Y (Fig.
B1.1A). Formally, a confounder can be defined as a variable Z that leads to a discrepancy
between the conditional probability of Y given X (seeing) and the probability when intervening
on X (doing): P(Y|X) # P(Y | do(X)). Not controlling for a confounder will obscure the causal
effect of X on Y. One can either control for the confounder itself or any variable that lies on the
pathX —Z —Y.

A collider C is the common effect of a feature X and a target Y. Conditioning on a collider
induces a spurious (i.e. non-causal) association between X and Y (Berkson’s paradox) 2!234°
(Fig. B1.1B). In other words, if X and Y were independent to begin with, conditioning on Z will
make them dependent. (see Berkson’s paradox for an example).

A mediator M is caused by X and is a cause of Y 2 (Fig. B1.1C). For example blood pressure
might mediate the relationship between a drug and the risk for a heart attack such that the drug
decreases the risk for a heart attack via lowering blood pressure. When interested in the total
effect of the predictor on the outcome (X — Y and X — Z — Y), conditioning on M blocks the
causal path X — M — Y and will hence only reveal a partial effect. When only interested in the
direct effect X — Y conditioning on M can nonetheless lead to biased estimates, if the mediator
and the outcome share a common cause because then the mediator is a collider for the predictor
and this common cause.

A. Confounder B. Collider C. Mediator

1 —

Fig. B1.1 DAG of a confounder (A), a collider (B) and a mediator (C).

Note: Defining confounding via correlations and not as a causal note is not sufficient because
each of the causal structures A.-C. produces a correlation between the third variable and both X
and Y, which could all produce the same correlation matrix. Consequently, correlations cannot
help to distinguish between a confounder, a collider or a mediator *+%3.

A proxy P is caused by X but has no causal relation to Y 3% (Fig. B1.2A, B). If the feature X is
a perfectly reliable measure of the construct of interest, then controlling for a proxy will not
affect the path X — Y. However, in many disciplines X is an unreliable measure of the true
causal variable, e.g. a MRI scan for the underlying morphology. In this case, the proxy is a second
unreliable measure of the same true predictor (e.g. morphology) and conditioning on this proxy
will partition the true predictive effect between the two unreliable proxies so that neither of the
unreliable measures will capture the full causal effect '*. The same logic applies for proxies of
confounders.
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An instrumental variable I for the confounded relationship between X and Y needs to fulfill
the following criteria (Fig. B1.2.C):

a) Z and I are independent, i.e. there is no arrow between Z and I.
b) There is an arrow between I and X.
c) There is no direct arrow between I and Y, i.e. no direct causal connection.

There are no confounders of the relation between I and Y, so that any observed association must
be causal. Likewise, since the effect of [ on Y goes through X, one can conclude that the observed
association between X and Y must also be causal. An instrumental variable is therefore similar
to a coin flip, which simulates a variable with no incoming arrow.

A. Proxy of the feature B. Proxy of the confounder C. Instrumental Variable

S @ & -

Fig. B1.2 DAG of a proxy of the feature (A) or a confounder (B) and an instrumental variable
(©).

Types of biases (paradoxes) associated with third variables

Simpson’s paradox (confounder bias)

Simpson’s paradox is a statistical phenomenon in which the statistical relationship between two
variables in a population can appear, disappear, or reverse when splitting the population in
subgroups or when aggregating two heterogenous subgroups into a population. For example, two
variables might be positively associated in the overall population but either not or negatively
associated within the subgroups>. More generally, it is characterized by the statistical results of
the subgroups differing from the aggregated population. It alerts to cases where at least one of
the statistical trends (either in the aggregated data, the partitioned data, or both) cannot represent
the causal effects*.

Berkson’s paradox (collider bias)

Berkson’s paradox is the opposite of the Simpson’s paradox, i.e. it occurs when falsely
conditioning on a variable that is the effect of both the feature(s) and the target (collider).
Conditioning on such a collider creates a spurious association between the feature(s) and the
target. For example, performing a study on patients who are hospitalized, one controls
for/conditions on hospitalization. However, if only a disease 1 and a disease 2 together could
lead to hospitalization in the first place (with no causal relation between the diseases),
conditioning on hospitalization (by performing the study only on hospitalized patients) would
introduce non-existing relation between disease 1 and disease 2.

Box 2 — Basic Causal Concepts and Terminology

Directed Acyclic Graph (DAG)

Formally, a graph G is a collection of nodes and edges that connect (some of) the nodes. In a
directed graph the edges are directed, i.e. pointing from one node to another. Visually, arrows
indicate the directions. Nodes connected by one edge are called adjacent. A path in a graph is
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any sequence of adjacent nodes, regardless of direction of the edges that join them, e.g. X «— Z
— Y is a path, but not a directed path but X — Z — Y is a directed path. A directed cycle is a
directed path that starts from a node X and ends in X. A directed acyclic graph (DAG) is a
directed graph with no directed cycles. DAGs obey the local Markov assumption that given its
parents in the DAG a node X is independent of all its non-descendants.

Practically, a DAG supports formalization of causal relations or assumptions between variables
(nodes), where the arrows (edges) represent directions of known or suspected causal
relationships between two variables. For example, X — Y means that X is a direct cause of Y,
i.e. the arrow implicitly says that some probability rule or function specifies how Y would change
if X were to change. The rule according to which this change happens might either be known
(e.g. previous research) or has to be estimated from data. The practicality of DAGs is that they
allow to express how a joint distribution over a set of random variables factorizes because they
allow to encode (conditional) independence relationships.

Probabilistic language

To formally express and intuitively exemplify different types of probabilities we use the
neuroimaging example of gray matter volume (GMV) in the left anterior globus pallidus
(denoted as G) and hand grip strength (HGS, denoted as H).

1. Marginal probability: P(G=g)
The probability that a randomly selected individual has GMV G=g in the left anterior
globus pallidus.
Example: What is the probability that a person’s GMV in this region is 400 mm??

2. Joint probability: P(G=g, H=h)
The probability that an individual simultaneously has a GMV of g and HGS of h.
Example: What is the probability that someone has a GMV of 400 mm? and a HGS of 35
kg?

3. Conditional probability: P(H=h|G=g)
The probability distribution HGS among individuals with a given GMV value.
Example: Among individuals with a GMV of 400 mm?, what is the probability distribution
of their HGS? = associational reasoning based on observation.

4. Interventional probability (causal): P(H=h|do(G=g))
The probability of HGS if we were to hypothetically intervene and set the GMV to g for all
individuals.
Example: What would the distribution of HGS look like if we could biologically set GMV
in this brain region to 400 mm? for everyone?
= causal reasoning under intervention. Corresponds to what is estimated in experimental or
simulated interventions.

5. Conditional independence: X1Y|Z
Two variables X and Y are conditionally independent given a third variable Z if, once Z is
known, knowing X provides no further information about Y, and vice versa.
Example: Suppose physical activity (P) affects both GMV (G) and HGS (H). Then GMV
and HGS may appear correlated. However, once physical activity is accounted for, GMV
and HGS may become conditionally independent: GLH|P.
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Box 3 — Two classic ways to account for confounding influences based on DAGs.

There are several ways to identify and account for confounding influences. Two of the most
known ones are the backdoor and frontdoor criterion.

Backdoor criterion

A backdoor path is any path from X to Y that starts with an arrow pointing into X, for example
X «— Z — Y in Fig. B3.1A. Backdoor paths are non-causal paths. To deconfound X and Y one
needs to block every non-causal path between X and Y without blocking or perturbing causal
paths. This can be achieved by adjusting for variables with an incoming arrow into X based on
the respective DAG (Fig. B3.1A). These variables are called deconfounders and can differ from
the set of confounders, for example when a confounder does not need to be controlled for because
the backdoor path is already blocked by a collider (Fig. B3.1B) or when the actual confounder
is unmeasured, but the backdoor path can be blocked by controlling for a measured deconfounder
(Fig. B3.1C). Randomized control trials (RCTs) avoid confounding as non-causal pathways are
blocked through randomization.

A. B.

Fig. B3.1 Different positions of a confounder in the DAG structure require different
confounder adjustment strategies.

Frontdoor criterion

The backdoor criterion is not feasible when one (or all) deconfounders cannot be measured or
are not available. In this case the frontdoor criterion can be applied. The frontdoor criterion (Fig.
B3.1D) requires a variable Z that

a) intercepts all direct paths from X — Y
b) there is no backdoor path from X to Z
c) all backdoor paths from Z to Y are blocked by X.

As the relationship between X and Y is confounded by the unobserved variable U, in the
frontdoor criterion the effect of X on Y is estimated indirectly by combining the estimate of
effect X > Zand of Z — Y.
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Abstract

Background

Hand grip strength (HGS) is a simple yet powerful and highly reliable clinical
assessment and robust predictor of a versatile set of outcomes including frailty,
cognitive decline, and mortality. As such, we here operationalize it as a composite
marker of non-fragility. Yet, its broad prognostic value cannot be explained by
peripheral motor function or muscular-skeletal integrity alone. Instead, explaining its
extensive informativeness requires a deeper but currently lacking understanding of the
system-level neural architecture supporting HGS.

Methods

We used interpretable predictive modelling on large-scale multi-modal neuroimaging
data from the UK Biobank to identify robust and generalizable out-of-sample brain
predictors of HGS while enabling insights into individual-level differences. Structural,
diffusion, and functional MRI-derived measures served as input features in both uni-
and multi-modal setups. Additionally, our comprehensive machine learning workflow
included various linear and non-linear learning algorithms as well as an in depth
confounder justification protocol and multicollinearity-aware feature importance
analysis. The confounder selection procedure converged on training separate models
for women and men with additional linear adjustment for age. While a presumably
standard setup, the underlying justification procedure confirmed this as sufficient setup
for maximizing interpretability of neuronal signal contributions while minimizing non-
neuronal contributions to predictions. Feature clustering preceded post-hoc feature
importance analysis of best generalizing out-of-sample models. This allowed to
account for ubiquitous multicollinearities in the neuroimaging features in the
subsequent SHAP-based feature importance analysis. Unraveling the functioning of
succesful models, this setup allowed to identify the most relevant neuroimaging-
derived features and their interactions underlying succesful prediction of HGS in
previously unseen subjects. To identify consistently most informative neural predictors
across best out-of-sample models, in each sex a weighted feature-success ratio was
derived.

Results

Multi-modal models outperformed uni-modal approaches but neurobiological
signatures remained stable across modeling strategies. Across sexes, HGS was
primarily constrained by distributed but specific systems including microstructural
integrity of various white matter tracts and morphology of subcortical nuclei rather than



focal or isolated (cortical) motor regions. Primarily, microstructural integrity of the
medial lemniscus and gray matter volume of the anterior globus pallidus emerged as
dominant, modality-independent predictors. Long-range associative fibres, such as
the inferior longitudinal fasciculus, and thalamocortical tracts further contributed,
whereas markers of diffuse brain aging such as white matter hyperintensities were
comparatively uninformative. Beyond these sex-indifferent findings, we saw higher
contribution of thalamus morphology and integrity of descending motor pathway and
cerebellar afferents and in women. In men, HGS prediction relied more on widespread
cortical morphology including higher-order motor planning systems. Feature
importances redistributed with increasing modality integration, reinforcing the
relevance of complementary multi-modal information for HGS prediction. Inter-
individual heterogeneity in brain feature importance suggested flexible neurobiological
strategies converging on similar behavioral output.

Discussion

HGS reflects the integrity of large-scale neural communication spanning sensorimotor,
associative, and cognitive-motivational systems. Rather than indexing isolated motor
output, HGS functions as a read-out of specific but distributed brain-wide system-level
integrity, providing a mechanistic explanation for its versatile predictive value within
but also beyond motor outcomes (e.g. cogntive decline). These findings position HGS
as a scalable behavioural assay of incipient large-scale neural (dys-)function
preceding overt motor or cognitive decline and offer a target for early interventional
strategies.



Introduction

Hand grip strength (HGS), the maximal voluntary force generated by the hand ', is a
highly reliable and scalable biomarker traditionally viewed as measure of peripheral
muscle properties, muscular-skeletal integrity or physical fitness 2. However, its
predictive value extends far beyond musculoskeletal health, encompassing mobility
limitations, frailty, falls, fracture risk cognitive performance and cognitive decline,
dementia, cardiovascular events, and all-cause mortality >'3. Remarkably, HGS
outperforms traditional risk indicators such as systolic blood pressure or obesity in
predicting mortality '#'5. Critically, HGS measurements are not purely mechanical, but
are influenced by motivation, attention, and affective drive ®7:6-20, which may
contribute substantially to performance in elderly and clinical populations. This aligns
with associations between HGS and cognition across multiple domains — including
processing speed, memory and verbal and spatial abilities >7-% — where decreased
HGS can precede and track overt cognitive decline 62'. This broad informativeness
establishes HGS as an integrative health biomarker across the lifespan %7, so that we
propose that it is best understood as a proxy and composite marker for general non-
fragility. As an easily acquirable and ubiquitous clinical measure, HGS offers the
opportunity to study the biological mechanisms linking physical capability, cognitive
alterations and systemic health at scale.

HGS relies on fast and precise coordination of sensory, motor, and associative
processes 222% across distributed neural circuits, involving cortical, subcortical,
cerebellar, and spinal systems 2324 |t thereby indexes fundamental brain-body
communication and the integrity of nervous system function 2223, Neuroimaging
studies have linked HGS to global brain measures, including total brain volume and
white matter hyperintensities, as well as regional indices of gray and white matter
integrity, such as hippocampal volume and microstructural properties of white matter
tracts, such as the corticospinal tract (CST) and cortico-cerebellar circuits 25-28,
Functional neuroimaging further implicates coordinated activity within motor, premotor
and parietal regions, and cerebellar networks during force generation 2%31, Crucially,
while peripheral musculoskeletal factors influence baseline HGS, longitudinal changes
in HGS across adulthood are increasingly governed by neural mechanisms 2. This
dual relevance of HGS at both the between-individual (population) level and the within-
individual (longitudinal) level suggests the presence of shared, global neural
mechanisms alongside substantial inter-individual heterogeneity in the activation,
modulation, and interaction of underlying neural circuits and executive strategies. This
positions HGS as a window into large-scale brain organization and brain health
beyond pure motor control.

Consequently, addressing the multi-facettedness of HGS requires whole-brain
characterizations of neural structure and function, which is offered by multi-modal
neuroimaging. Structural MRI (sMRI) measures — including gray matter volume
(GMV), cortical thickness (CT), surface area, and gray-white matter contrast (GWC) —
capture complementary aspects of brain architecture and neurodegenerative
processes. Diffusion-weighted imaging (DWI) enables in vivo characterization of white
matter (WM) microstructure 32, with tensor-based metrics providing sensitivity to
overall tract integrity * and more advanced models, such as neurite orientation
dispersion and density imaging (NODDI), offering greater biological specificity
regarding dendritic density, coherence, and myelination 34-37. Resting state functional
MRI (rsfMRI) quantifies intrinsic neural activity and local and global connectivity
patterns supporting sensorimotor integration.



Capturing the system-level nature of HGS and its potentially heterogeneous neural
mechanisms across individuals, requires moving beyond uni-variate group-level
associations and the perspective of HGS as a downstream correlate of isolated brain
regions and peripheral function. Prior work largely relied on single modalities,
predefined regions 28 or univariate, hypothesis-driven within-group analyses. This may
not capture the multi-variate, interdependent nature of neuroimaging data.
Additionally, this limits insights into how distributed brain systems jointly support HGS,
which patterns generalize across samples, and how they vary across individuals.
Multivariate machine learning approaches based on multi-modal neuroimaging
features provide a means to these limitations. They leverage features and their
interactions to arrive at generalizable out-of-sample predictions, while allowing for
individual-level insights. However, for unbiased predictions and reliable
interpretations, confounding factors and feature multicollinearities must be accounted
for, respectively. The former is needed to isolate neuronal from non-neuronal sources
of information, while the latter is required for unambigous neurobiological
interpretation. Fullfilling those methodological constraints allows understanding the
neurobiological predictors of HGS which can help to provide a mechanistic explanation
for its broad prognostic utility 823, Such insights can build a foundation for brain-based
markers whichs’ prognostic value may precede those of the behavioural readout HGS,
supporting early interventions before overt clinical declines.

In this study, we used large-scale multi-modal neuroimaging from the UK Biobank 38
to identify the system-level neural architecture underlying HGS as a composite marker
of non-fragility. Integrating structural, diffusion, and functional MRI with interpretable,
confounder-controlled machine learning, we show that HGS reflects structure and
integrity of distributed but specific sensorimotor, cognitive and affective architectures.
Those include microstructural integrity of medial lemniscus, thalamocortical radiations,
associative fibres, pontine-cerebellar afferents, as well as GMV in basal ganglia
(mainly anterior globus pallidus) and thalamic nuclei, rather than focal cortical structure
and function or diffuse global white matter integrity. These neural signatures
generalize at the population level while revealing inter-individual and sex-specific
heterogeneity. Our findings establish HGS as a system-level neural phenotype and
composite marker for non-fragility by providing mechanistic insights linking HGS to
brain health and early vulnerability preceding physical and cognitive decline in the
general population.



Results

1. Large-scale machine learning framework for identifying neuroimaging
predictors of HGS (Fig. 1)

To identify robust neurobiological predictors of hand grip strength (HGS), we
implemented a large-scale, confounder-controlled machine learning (ML) workflow
(Fig. 1). While the workflow is described in large depth in method sections 2 to 6, in
brief we trained 1078 models in a nested CV scheme (section 2 methods) for
generalization estimation and hyperparameter optimisation. They resulted from
combining 11 neuroimaging-derived feature groups across four modalities (sMRI,
rsfMRI, DWI, multimodal) with seven learning algorithms and 14 confounder-
adjustment strategies. Each feature group contained p features, which resembles for
example the parcels of the used brain atlases or the number of white matter tracts and
their microstructural measures (Fig. 1a). Based on a theoretical and empirical
selection approach we justified the best deconfounding setup, i.e. separately trained
models per sex with additional linear adjustment for age (section 3 methods). In a
model selection process (Fig. 1b, section 4 methods, section 2 results), we identified
significantly best performing models and ranked surviving models based on outer CV
performances. Among those, we selected the top performing model per feature group
to be used for out-of-sample (OOS) prediction on previously held-out 20% of the data,
resulting in five unique feature group (e.g. GMV) best performing models per sex
(winning models). OOS prediction models underwent post-hoc feature importance
analysis (Fig. 1c, section 5&6 methods, section 3&4 results), based on SHAP values,
including feature clustering to account for feature multi-collinearities, which is essential
for reliable model interpretation. This resulted in Owen values reflecting cluster- and
feature importances per winning OOS model. To identify consistently most informative
neural predictors across winning models, in each sex a weighted feature-success ratio
(FSR) was derived.

A thorough confounder selection procedure is key to enable detection of neuronal
underpinnings of HGS, while minimizing non-neuronal influences as much as possible.
While the detailed process is described in method section 3, in brief it was built on
both a theory-driven (DAG-based) and prediction-based procedure. Theoretically, we
applied a causally informed selection framework 3° to derive a directed acyclic graph
(DAG) of presumed biological connections, which identified age and sex as a sufficient
minimal adjustment set (deconfounders) based on graph rules (S-Fig. 1). Although
alternative sufficient sets were admissible under the DAG (e.g. sex hormones and
muscle mass), these variables are less reliably and consistently measurable at scale.
Given the apparent minimality of sex and age as deconfounders, we validated it
empirically by adjusting for a wide set of confounding setups, including sex, age, TIV,
waist circumference, BMI, body fat percentage, and whole-body fat free mass. This
empirical approach confirmed two things: First, without confounder adjustment one
can reach considerably high predictive performance (e.g. R? = 0.4, S-Fig. 2; see also
Komeyer et al. 2024). Second, there is a saturation effect of drop in predictive
performance when adjusting for more variables than sex and age (S-Fig. 2). This
confirms the previous result that sex and age adjustment is sufficient. Nonetheless, an
additional analysis confirmed that under the use of non-linear learning algorithms,
models must be separately trained on males and females to avoid non-linear sex-
related confounding influences (S-Fig. 3, methods section 3), converging on sex-



separate models with additional linear age adjustment as best adjustment setup. This
comprehensive selection and justification procedure is necessary to allow transparent
communication of the selection process and respective confounder influences to foster
reproducibility of results. Additionally, it is indispensable for the neurobiological
interpretations of this work as it assures that interpretations are based on
neurobiological sources of signal while minimizing non-neuronal influences.
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Fig. 1 | Computational framework for multi-modal HGS predicion and
neurobiological machine learning model interpretation. a) Overview of trained
models and confounder selection. A nested cross-validation (CV) scheme was
employed for hyperparameter optimization and generalization estimate of 1,078
machine learning model configurations, combining 11 feature groups (spanning sMRI,
rsfMRI, DTI, and multi-modal modality) with 7 learning algorithms and 14 confounder-
adjustment settings. Evaluation of confounder-adjustment settings served empirical
verification of theoretically identified optimal confounders (see methods, S-Fig. 1, S-
Fig. 2). Sex-split models with additional linear age adjustment identified as robust
setup for downstream analysis. b) Model selection process and out-of-sample
(OOS) predictions. From the 154 fully confounder-adjusted models (female+age-adj.,
male+age-adj.) we selected models with positive R? values in all outer CV folds, which
survived significance testing (p<.05) based on five error metrics (R?, pearson r,
spearman r, mean absolute error, root mean squared error) and which did not perform
significantly worse than the top model in a post-hoc pairwise comparison after omnibus
testing (male 13, female 11). From the top ranked models we kept one model per
feature group and tested its generalizability though out-of-sample (OOS) predictions
on previously held-out 20% of the data (winning OOS models). ¢) Multicollinearity
aware model interpreation and feature importance. Winning OOS models were
interpreted uisng SHAP feature importance analysis and XGBoost-based feature
clustering to address feature multicollinearities. Predictive relevance was quantified
via Owen values at both feature and cluster levels. Owen values and clusters were
used for further inspections of clusters explaining 80% cumulative importance per



winning model and for calculation of a weighted feature success ratio (FSR) across all
winning models per sex, identifying the 20 globally most important brain features that
form the neurobiological backbone of HGS. n: sample size, p: number of features per
feature group (e.p. parcels of an atlas), GMV: gray matter volume, CT: cortical
thickness, GWC: gray-white contrast, fALFF: fractional amplitude of low freugnecy
fluctuations, LCOR: local correlations, GCOR: global correlations, WMM-TI: white
matter tract integrity, WMH_: white matter hyperintensities, PSMD: peak skeletonized
mean diffusivity, CV: cross-validation, OOS: out-of-sample.

2. Model selection: Multi-modal feature groups with non-linear tree-based
models best predict HGS (Fig. 2)

In the model selection process (Fig. 1b, Fig. 2), we evaluated the CV-results of the
154 fully-adjusted models. This aimed to identify the best setups for OOS prediction
and feature importance analysis. In a first selection step, we kept only those models
with positive R? across 10-fold CV. This resulted in 22 models for women and 24 for
men (Fig. 1b).

2.1 CV-based model evaluation

Among these 46 models, all-modalities, three-modalities and White Matter Tract
Integrity (WM-TI) feature groups exhibited strongest variability of CV validation-set R?
across folds, algorithms and sexes (see Fig. 2a for performances). Based on average
CV R?, non-linear tree-based algorithms consistently performed best, particularly with
multi-modal feature groups (Fig. 2b). This suggests that exploitation of multi-modal
feature interactions is critical for HGS prediction. While WM-T], followed by fALFF and
GMV in average emerged as strong uni-modal predictors, White Matter
Hyperintensities&Peak Skeletonized Mean Diffusivity (WMH&PSMD) and white
surface carried little predictive value (Fig. 2a, Fig. 2b).
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Fig. 2 | Model selection process: statistical ranking and out-of-sample
validation. a) CV performance variation across algorithms and folds. Distribution
of R? values over 10-fold cross validation (CV) performance of sex-split models
additionally linearly adjusted for age with R? > 0 in all folds. b) Average positive R?
CV performances. Mean CV R2 perfromances per feature group illustrate advantage
of non-linear, tree-based algorithms especially for multi-modal models. c¢) Statistical
model comparisons. Pairwise statistical model performance comparisons over outer
CV folds resulting from Nemenyi post-hoc test after significant Friedmann omnibus
effect confirmation. Arrow thickness indicates -log10(p-value) of the cross-metric
harmonic mean of p-values from the Nemenyi test per outer CV error measure. Arrow
direction and colour indicate the significantly better performing model (p<.05), showing
an overall better performance of non-linear algorithms (purple) and higher



informativeness of certain feature groups. d) Final model selection and ranking.
Ranking of significantly best models based on average performance over all error
metrics and folds, keeping the best algorithm per brain feature group (halo). Best
ranked, unique brain feature models were selected for OOS prediction, with exception
of additionally using GMV-XGBoost model in women and XGBoost instead of random
forest in men. e) OOS generalization of selected models. Predictive performance
on the 20% hold-out dataset, separately trained on male and female population but
shown in the same scatter plot per feature group for comparability. All-modalities
models performed with XGBoost consistently yielded highest prediction accuracy
across both sexes. OOS: Out-of sample, CV: Cross-validation, GMV: Gray matter
volume, 3 mod.: multi-modal model with GMV, fALFF, WM-TI feature groups.

2.2 Model ranking and selection

Omnibus Friedman test was based on all metrics (R2, Pearson r, Spearman rho, MAE,
RMSE) and identified significant performance differences between models
(pharm_mean_women = 0036, Pharm_mean_men < 0001, Supplementary Table 1) Post-hoc
Nemenyi pairwise comparisons (Fig. 2c, S-Fig. 4, S-Fig. 5) confirmed superior
performance of non-linear, especially tree-based algorithms. While multi-modal
feature groups were mostly informative with non-linear (especially tree-based)
algorithms, the WM-TI feature group also led to significantly better predictions with
linear algorithms (e.g. ridge regression, linear SVR).

Ranking models based on their average performance across metrics and folds (Fig.
2d), confirmed all modalities with XGBoost as top-performing model in both sexes.
Keeping models that did not perform significantly worse than this top model per sex
confirmed that XGBoost and random forest were consistently best in informative
feature groups. Those included all-modalitites, three-modalities, WM-TI and, to a
lesser extent, fALFF and GMV (Fig. 1a). Ridge regression as only linear algorithm
achieved statistically comparable performance to the top model for the two multi-modal
feature groups. Even though the GMV feature group did not survive significance
thresholding in women, the GMV-XGBoost model ranked above the multi-modal ridge
regression model surviving significance thresholding (methods section 4.2,
supplementary Table 2), prompting its inclusion in subsequent analyses. In men,
random forest ranked one place higher than XGBoost for the WM-TI feature group,
but not significantly (pharm_mean < 0.90, Fig. S2) so that we continued with the XGBoost-
WM-TI in males for consistency and computational efficiency.

2.3 OOS generalization

The five selected models per sex generalized well on hold-out data (Fig. 2e), with all-
modalities models achieving the highest OOS performance (r(m) = 0.32, r(f) = 0.29).
Performance rankings remained largely stable across sexes, following all-modalities
> three-modalities > uni-modal models (WM-TI, GMV, fALFF) (Fig. 2e). Although
moderate, these performances align with the typical range of accuracies reported in
population-level neuroimaging studies (Schulz et al., 2024), especially in large cohorts
that can converge on lower but more realistic effect sizes (Sui et al., 2020).
Additionally, they reflect the conservative nature of our confounder-adjustment. Inline
with Leenings et al (2022), we argue that this level of performance, coupled with high
explainability and robustness as aimed for in our study, is more scientifically insightful
than inflated accuracies, potentially built on spurious associations. Overall, these
results confirm that integrating diverse neural modalities enhances HGS prediction,



providing the basis for exploring the specific brain systems underlying the all-
modalities OOS model per sex as best performers.

3. Neural systems underlying HGS prediction in all-modalities models (Fig. 3)
3.1 White Matter Tract Integrity dominates HGS prediction in both sexes

Feature-group decomposition of the all-modalities model revealed that WM-T]| features
accounted for the largest share of predictive importance in both sexes (Fig. 3a). In
women, WM-TI was followed by GMV and in men by CT and GMV, contributing
comparibly. WMH & PSMD in both sexes and surface area in men provided moderate
contributions, while functional modalities and GWC contributed minimally.

3.2 Key predictive feature clusters

To account for feature multi-collinearities, features were clustered based on their
shared information with respect to HGS before undergoing feature importance
analysis. While clusters inform about the hierarchical dependency structure among
neuroimaging features, the resulting feature importances (Owen values) reflect both
aggregated cluster and fine-grained feature contributions to predictions (methods
sections 5&6). A small number of feature clusters accounted for 80% of cumulative
model importance (nine clusters in women, 23 in men, Fig. 3b). Cluster importance
varied substantially across individuals, exhibiting both continuous and discrete
subgroup distributions (Fig. 3c/S-Fig. 6, scatter). This indicates heterogeneous
neurobiological strategies for achieving high HGS.



a Importance per feature group b Cumulative cluster importance

1.0
s Female [ structural § e
5 45% 1 Male functional £o038 e
a ) . 9]
o 1 WM integrity =3 .
8 2no E061e
o 30% p o
Q > * o
c =04 .
£ 159 3 T ;
.
g " £02 5
E 3 female male
00/0, L 00
Q @A & & f & .& & © 0 15 30 45 60 0 15 30 45 60
¢ & N\
\$® Q%Q% RS %\){\ S #Clusters #Clusters
Q> ¥
N N
¢ Most important clusters - female
Medial lemniscus cluster - WMI-TI Basal ganglia cluster - GMV Cortical GMV cluster 1 Cortical functional cluster  6.1e-3
0.02 MO FA oD 0.027 . 0.02 0.02 ~
. Q
H H H H S
S 5 5 5
;0.01 MD ISOVF ;0‘01 ;0.01 . ;0 01 o ~
© © [ © =
: g g g 8 Bz
S JB
0.00 0.00- 0.00 0.0 §_
Corticospinal tract  Cortical GMV . _ Cerebellar peduncle <
cluster - MO cluster 2 Cortical GMV cluster 3 Thalamus cluster - GMV cluster - WM-T1 %
0.02 0.02 0.02 0.02 0.02; MO FA oD =
— — — — — 3
g g g g g E
5 5 5 S 5
;0 01 20 01 20.01 20 01 ;o 01 MD ISOVF
[ © © [ [
[ (5 (5 (4] [
€ € € £ € o
0.00* 0.00 === 0.00 0.0 0.00+3— 2.3e4
d Owen-feature-feature interactions (most important feature per cluster)
Medial lemniscus cluster Basal ganglia cluster Cortical GMV cluster 1 Cortical functional cluster high
MO - medial lemniscus (Ih) GMV - aGP (rh) GMV - SomMot 101 (rh) GCOR - TempPole 6 (rh)
£ 5 €
~ — = ©
: = <
SE 55 52 53
$2 [30] s3 sq
5% 5. §5 §5 2
(3 =1
22 32 ) 3 =
&t 83 52 % £
a = o =2}
(© o ] £
Feature value Feature value Feature value - Feature value 3
OD - medial lemn. (Ih) GMV - aGP (lh) GMV - SomMot 94 (rh) LCOR - TempPole 6 (rh) I
A=
Corticospinal tract cluster Cortical GMV cluster 2 Cortical GMV cluster 3 Thalamus cluster Cer. peduncle cluster e
MO - medial lemniscus (Ih) GMV - SomMot 94 (rh) GMYV - SomMot 41 (rh) GMYV - Putamen (DA) (rh) MD - middle cer. ped. E
= = = = g o
= = = = =% E
o5 0o 03 o€ 03 3
2c 2% 25 20 30 oS
TS © 2 © 2 c> [
>3 >= >= >< >3
cQ cE cE £ cT
0.9 o0 ® 0 oc O°E
3t 3N 39 3F 35
o8 o o o o,
- = 2 2 S
(@]
% Feature value o Feature value o Feature value O Feature value %] Feature value
MO - corticospinal tr. (Ih) GMV - SomMot 81 (Ih) GMV - SomMot 38 (lh) GMV - Thal. (VPm) (rh) ISOVF - middle cer. ped. low

Fig. 3 | Owen feature importances and predictive directionalities and
interactions of the all-modalities OOS model. a) Relative modality and feature
group contributions. The WM-TI feature group contributed most to predictions in
both sexes followed by GMV in females and CT in males. Functional feature groups
and GWC were of minor importance in both sexes, whereas white surface area and
CT were notably more relevant in men than in women. b) Cumulative cluster
importance. Cumulative importance curves identifying the minimal set of feature
clusters explaining 80% of total model importance. Predictive signals were more
concentrated in women (9 clusters) than men (23 clusters), defining the scope for
downstream neurobiological inspection. ¢) Composition of dominant feature
clusters in women. (Left/scatter) Distribution of mean absolute subject-speciic Owen



values across cluster features. (Right/brain plots) Spatial mapping of feature-level
mean absolute Owen values across subjects (global explanation; range: 2.3e-4 to
6.1e-3). For WM-TI features, all microstructural metrics are visualized concurrently to
show tract-specific metric variability. d) Feature interactions and directionality of
predictions. Dependence plot visualizing the relationship between a cluster’s leading
feature value (x-axis) and its predictive contribution (Owen value; y-axis) to derive
directionality of predictive importance. Colors represent the value of the most
relevantly interacting feature (feature name beneath cluster name), uncovering
essential feature interplay exploited by XGBoost and providing explanations for the
inferior performance of linear learning algorithms. Inset brain plots show the top
feature within its cluster as shown in panel c. WM-TI: White Matter Tract Integrity,
GMV: Gray Matter Volume, MO: Diffusion Tensor Mode, OD: Orientation Dispersion,
MD: Mean Diffusivity, ISOVF: Isotropic Volume Fraction, FA: Fractional Anisotropy,
ICVF: Intra-Cellular Volume Fraction, Ih: left hemisphere, rh: right hemisphere.

3.3 Core neurobiological predictors supporting HGS in women

In women, among the nine most important clusters microstructural WM-TI metrics
of the bilateral medial lemniscus formed the most dominant cluster, with
considerable inter-individual variability (Fig. 3c). Lower left OD, especially in
interaction with higher MO, predicted higher HGS (Fig. 3d), suggesting that coherent
microstructural organization in this sensory ascending pathway supports greater
HGS. MO of the left corticospinal tract (CST) - another WM-T] cluster - exhibited
comparable subject-specific variability (Fig. 3c), with predictive directionality mainly
evolving through interaction: Low MO in the left medial lemniscus at any level of left
CST MO predicted lower HGS and vice versa (Fig. 3d). This hints that intact
ascending sensory integrity may be necessary for descending motor pathways to
contribute effectively to HGS. A third WM-TI cluster involved multiple microstructural
measures of the middle cerebellar peduncle (MCP), forming discrete importance
sub-groups (Fig. 3c). High ISOVF interacting with high MD showed a non-linear
tendency of predicting lower HGS (Fig. 3d).

A cluster of basal ganglia GMV, especially in the anterior globus pallidus (aGP) but
also putamen, caudate, and nucleus accumbens ranked second in importance (Fig.
3c). Low aGP GMV was non-linearly linked to higher HGS and middle-to-high aGP
GMV to lower HGS prediction (Fig. 3d). A cluster encompassing all thalamic nuclei
contributed modestly to predictions (Fig. 3c), nonetheless in interaction with high
dorsal anterior putamen GMV it was predictive for lower HGS (Fig. 3d).

Cortical contributions were limited and heterogeneous. While in cortical GMV cluster
1 (right S1 hip/knee regions) higher GMV was predictive for lower HGS (Fig. 3d) in a
subset of subjects (Fig. 3c), cortical GMV cluster 2 and 3 (bilateral S1/M1) were of
overall low importance (Fig. 3c). Functionally, interaction of higher LCOR and GCOR
in TempPole 6 (right entorhinal cortex) predicted below-average HGS (Fig. 3c, d).

3.4 Core neurobiological predictors supporting HGS in men

In men, WM-TI clusters again highlighted bilateral medial lemniscus microstructural
measures as dominant predictor with left lower OD/higher MO predicting higher HGS
(S-Fig. 6, S-Fig. 7). Additionally, MO in bilateral inferior fronto-occipital (IFOF) and
inferior longitudinal fasciculi (ILF) was mainly informative in a sub-group of men (S-
Fig. 6), with particularly high MO of left ILF leading to an abrupt decrease in predicted
HGS (S-Fig. 7). A notable cross-modal interaction linked a cluster of bilateral



microstrucutral measures of the parahippocampal part of the cingulum (PHpC) with
Crus | GMV: Low-to-mid-level MD in left PHpC with low GMV in left cerebellar Crus |
predicted either low or high HGS, whereas high GMV in Crus | at any PHcP MD level
yielded average HGS predictions (S-Fig. 6, S-Fig. 7).

A basal ganglia GMV cluster including aGP and posterior globus pallidus (pGP)
ranked second in overall importance (S-Fig. 6). GMV in aGP again showed non-linear
informativeness for HGS prediction, with middle-to-high bilateral GMV predicting lower
HGS (S-Fig. 7).

Cortical GMV clusters formed three macro-systems:

(i) primary sensorimotor execution,

(i) parietal proprioceptive and visuomotor integration, and
(iiif) higher-order motor planning.

The primary sensorimotor execution system involved eight M1/S1 clusters (S-Fig.
6 cortical GMV clusters 4, 5, 7, 8, 11, 15, 16, 17), with strongest cluster-features
originating from M1 hand/forearm, S1 hand/trunk, medial M1/S1 leg representations,
and dorsal premotor cortex areas (S-Fig. 6). High GMV in a right M1 “elbow/forearm”
parcel (SomMot 84) in non-linear interaction with middle-to-high left S1/M1 GMV
predicted lower HGS (S-Fig. 7).

The parietal proprioceptive-visuomotor integration system summarized six
clusters involving regions of the superior parietal lobule (SPL), intraparietal sulcus
(IPS), supramarginal gyrus, and sensorimotor precuneus (S-Fig. 6 cortical GMV
clusters 1, 2, 3, 6, 9, 18). Higher GMV in SPL and IPS parcels tended to predict greater
HGS. Key interactions with a left supramarginal/IPS transition zone feature (DorsAttn
Post 33) and posterior/visual precuneus (Cont pCun 3) occasionally modulated HGS
prediction-directionalities non-linearly (S-Fig. 7).

The higher-order motor planning system included three clusters comprising dorsal
premotor cortex (PMd) and supplementary motor areas (SMA, pre-SMA) (S-Fig. 6
cortical GMV clusters 12, 13, 14). A left SMA/PMd parcel (SomMot 75) emerged as
key feature. Its higher GMV, especially when co-ocurring with high GMV in adjacent
PMd/SMA parcels, led to discontinuously increased HGS, suggesting modulation of
force recruitment efficiency through morphometric variation in higher-order planning
regions.

Beyond GMV, a distributed CT cluster spanning most cortical regions showed
moderate importance (S-Fig. 6). Higher CT in the left banks of the superior temporal
sulcus (bankssts) tended to increase HGS prediction, especially in interaction with left
pericalcarine (V1) CT and vice versa (S-Fig. 7).

Across sexes, HGS prediction of the all-modalities model relied on WM microstructural
integrity, particular of the ascending sensory medial lemniscus, and of basal ganglia,
especially aGP GMV. In women, predictions generally relied primarily on WM
microstructural integrity and subcortical GMV with minimal cortical morphometry and
functional connectivity involvement. In men, cortical GMV and CT contributed more
strongly, suggesting a broader reliance on cortical macro-systems and higher-order
motor planning regions in contrast to the higher relevance of intact signal transfer
across systems in women. In both sexes, non-linear interactions within and across
modalities were essential for accurate HGS prediction.



4. Feature stability across models and overall most successful predictors of
HGS

4.1 Cross-model stability and modality-dependent redistribution

Feature importance was remarkably stable across winning OOS models, indicating
that predictive signals represent robust neurobiological signatures rather than model-
specific artifacts (Fig. 4a). However, increasing modality integration induced a
"homogenizing" effect: all-modalities models distributed importance evenly across
features within clusters, whereas uni-modal models exaggerated the dominance of
individual "leading" predictors. This was most evident in cortical GMV, where diffuse,
moderate importance in multi-modal models contrasted with localized dominance in
uni-modal models, e.g in somatomotor and parietal regions in men. Similarly,
individual WM-TI microstructural metrics were less dominant in all-modalities
settings, suggesting that multi-modal integration captures complementary
information, reducing reliance on within-modality variance.

Sex-specific nuances mirrored this redistribution. In women, importance of the MCP
(WM-TI) and thalamic (GMV) clusters was higher and more differentiated in uni-
modal than multi-modal models In men, the dominance of MO in left ILF (fasciculus
cluster) was heightened in the WM-TI-only model and of ISOVF in the PHpC in WM-
Tl-only and three-modalities models.

Despite these shifts, core neurobiological contributors to HGS remained stable.
Microstructural integrity of the medial lemniscus was primary informative predictor
across models, dominated by MO, ISOVF, and OD in women and right OD in men.
Likewise, basal ganglia GMV showed robust cross-model predictive power,
anchored by bilateral aGP. This confirms the modality-independent biological
relevance of both structures rather than model-specific effects.

4.2 Globally most informative predictors

The globally 20 most important features across models based on the weighted
feature success ratio (FSR) identified a core neurobiological signature of HGS that is
largely sex-invariant (Fig. 4b). In both sexes, the bilateral aGP (GMV) and various
microstructural metrics of the medial lemniscus emerged as the top-ranking
predictors. In women, this core was supplemented by mainly right microstructural
measures of anterior and superior thalamic radiations (ATR, STR), MCP and ILF. In
men, bilateral PHpC, left ILF, right STR and ATR, left posterior thalamic radiation
(PTR), and left cingulate gyrus part of cingulum (CGpC) were additionally important.
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Fig. 4 | Cross-model feature stability and global ranking of HGS predictors. a)
Consistency of predictive importances across winning OOS models.
Comparative analysis of leading features from the all-modalities model (top row)



across the remaining winning OOS models fro females (top) and males (bottom). Dot
sizes represent within model min-max normalized mean absolute Owen values,
facilitating comparison of importances between models. Dot and outline colour denote
modalities of features contained in the model modality of the feature itself,
respectively. Persistence of findings across models highlights robustness of our
modeling approach and a stable neurbiological core for HGS prediction. b)
Identification of the globally most informative neuroimaging features. (Left)
Ranking of the 20 most sucessful features across winning OOS models for each sex.
Individual dots represent feature-specific min-max normalized mean absolute Owen
values colour-coded by model type. Bars display the weighted feature success ratio
(FSR), a composite metric integrating feature occurrence frequency across top-
performing models with its importance when occuring, thereby effectively indexing how
often a feature was within top 80% cumulative importance clusters and how important
it was when being used. (Right) Spatial visualization of top 20 features in the brain
(once per measure), sorted by modality. Colors correspond to the global FSR rank,
highlighting the bilateral aGP and medial lemniscus integrity as primary, sex-invariant
anchors of HGS prediction. aGP: anterior globus pallidus.



Discussion

Using multimodal neuroimaging in the UK Biobank, we identified neuronal predictors
of hand-grip strength (HGS), beyond confounding, using explainable ML.

1. Feature importance stability and multi-modal synergy

We observed high feature stability across winning OOS models. Core neural
signatures identified in the all-modalities model remained important as top predictors
in the winning uni- and three-modalities models. This cross-model convergence
suggests that our results capture a robust, generalizable neurobiological signal rather
than model-specific artifacts.

While uni-modal models exploit fine-grained within-modality signals, superior
predictive performance is achieved through multi-modal integration of diverse and
complementary neuronal resources. For instance, fALFF features were informative in
the uni-modal setting but absent from the all-modalities model and the top cross-model
features (FSR top 20), while previously insufficient feature groups (CT, LCOR/GCOR)
became informative. This suggests superiority of complementary signal integration
over fine-grained exploitation for HGS prediction.

2. Sex-invariant neuronal predictors of HGS
2.1 Medial lemniscus integrity and basal ganglia structure as fundamental bottleneck

Microstructural integrity of the medial lemniscus and bilateral aGP GMV consistently
dominated as strongest predictors of HGS across all models. The medial lemniscus
forms a core conduit for proprioceptive and tactile signals from dorsal column nuclei
to thalamocortical circuits, essential for precision grip and force scaling 4°4'. We found
that reduced microstructural coherence and increased dispersion in this pathway
predicted lower HGS, aligning with previous evidence #2. It suggests that afferent
sensory precision represents a fundamental bottleneck for motor performance, even
in healthy subjects with preserved corticospinal output capacity.

Complementing this sensory conduit, the aGP — a basal ganglia territory linked to
limbic and associative functionality 43-*° — emerged as critical cognitive-motivational
hub. Intriguingly, higher aGP GMV predicted lower HGS. As aGP clustered with
putamen, caudate, and nucleus accumbens regions — entry points for motor,
associative, and limbic loops, respectively 4647 — this inverse relationship may suggest
that larger aGP GMV reflects less efficient action selection or increased cognitive-
motivational “noise” regarding goal decision, reward seeking or aversive avoidance
that interferes with core motor commands “8-52. Regardless, the persistent cross-
model importance of the aGP reinforces that HGS is gated by non-motor, cognitive-
motivational processes, explaining its versatility as a marker for global neural health.

2.2. Structural integrity of long-ranging white-matter tracts as information flow scaffold

HGS performance further relies on the integrity of long-range associative and
thalamocortical tracts (FSR top 20). The inferior longitudinal fasciculus (ILF) - typically
associated with visual recognition and semantic processing — emerged as a stable
predictor, alone and when clustering with inferior fronto-occipital fasciculus — a
relevant tract for connecting visual information with higher cognitive functioning.
Higher ILF microstructural coherence paradoxically predicted lower HGS in a
subgroup of men. This pattern suggests a sub-group of individuals, where simplified



fibore geometry may reflect a loss of cross-fibre complexity or early pathological
reorganization rather than preserved microstructure. Such structural simplification
may impair the visuomotor integration required for maximal force production before
overt functional decline occurs.

This reliance on large-scale integrative systems is underscored by the importance of
tissue integrity and structural organization (MD, ISOVF) of the anterior and superior
thalamic radiations (ATR/STR) (FSR top 20). The ATR provides a scaffold for spatial
and contextual memory and attention allocation %35, Its predictive power together with
the unimportance of anterior thalamic nuclei or frontal lobe and cingulate gyrus —
regions connected by the ATR °°, suggests that signal transfer fidelity is a more
sensitive marker of HGS than regional GMV or neuronal activation. Complementing
this cognitive scaffold, the STR facilitates reciprocal sensory feedback and motor
commands between thalamic ventral nuclei and cortical S1/M1 %5-°7_ Aligning with our
medial lemniscus findings, its relevance reinforces the importance of afferent sensory
precision for HGS. Together, these white-matter signatures demonstrate that
successful HGS is a functional readout of the brain’s ability to coordinate high-fidelity
information transfer across both motor and non-motor architectures.

3. Sex-specific neural architectures supporting HGS
There emerged modest sex-specific differences, with varying stability across models.

3.1 HGS in women: sensorimotor transmission, cerebellar coordination and
subcortical modulation

In women, HGS is primarily constrained by the integrity of an integrated sensorimotor
transmission system. The middle cerebellar peduncle (MCP) emerged as robust
predictor across all models. Thereby reduced tract compactness and increased
structural disorganization of this major pontine-cerebellar afferent pathway predicted
lower HGS in a subset of individuals. This highlights the relevance of intact
corticopontocerebellar information transfer, aligning with the previous importance of
afferent signal quality. Given the cerebellum’s broader roles, it additionally suggests
that HGS is a refined motor output that requires integration of bilateral cortical error
correction signals and vestibular information 5859, Notably, the discontinuous
importance distribution of the MCP (Fig. 3c, scatter) suggests that cerebellar
contributions may only become salient in individuals with emerging microstructural
alterations, potentially marking a pre-clinical vulnerability in sensorimotor coordination.

The all-modalities model (but not the FSR top 20) further revealed that efferent motor
output in women is fundamentally gated by afferent quality. Specifically, CST (motor
efferent) coherence was predictive for higher HGS only when medial lemniscus
(sensory afferent) integrity was preserved. This interaction aligns with evidence that
proprioceptive input modulates corticospinal excitability and enables precise force
calibration 6°-62 reinforcing the theory that sensory fidelity acts as a rate-limiting factor
for maximal grip output even when descending motor pathways are structurally intact.

This gated architecture is supported by a subcortical interaction between the ventral
posteromedial (VPm) thalamus and the dorsal anterior putamen. While the VPm relays
orofacial sensory input, it is part of the broader somatosensory thalamus 3. Its
coupling with the associative putamen territory — a key hub in corticostriatal loops —
suggests that female HGS is not merely a sensorimotor process but depends on
cognitive modulation, including working memory, action selection and decision making
64, This aligns with the sex-invariant aGP findings. Finally, cortical GMV contributions



were modest and localized outside canonical hand representations (e.g. hip/knee S1),
potentially reflecting motor overflow or stabilizing co-activation patterns 6. Collectively,
these findings indicate that HGS in women is an index of high-fidelity information
transfer and subcortical cognitive-motivational gating rather than regional cortical
morphology.

3.2 HGS in men: distributed associative scaffolds and executive buffering

Contrasting female-specific HGS predictors, the male neural architecture of HGS
integrates more core cortical and non-cortical motor structures with higher-order
associative hubs. Men uniquely relied on the pGP — a basal ganglia sensorimotor
territory 43 — and exhibited a stable dependency on integrity of long-range integration
tracts such as the posterior thalamic radiation (PTR), ILF, and cingulate gyrus part of
cingulum (CGpC). These pathways facilitate visuomotor, spatial, and contextual
incorporation into motor planning, as well as necessary motivational drive, error
detection, and executive control °°. This suggests that male HGS relies on multi-modal
systems, including core sensorimotor territory but also structural integrity of
visuomotor, motivational, and cognitive-executive information transfer.

A key finding was the non-linear, cross-modality interaction between microstructural
organization of the parahippocampal part of the cingulum (PHpC) and cerebellar Crus
| GMV. Thereby, efficient cognitive and spatial information transmission 66:67 through
high-fidelity PHpC seems to not translate to successful HGS when higher cognitive
involvement from Crus | is low (low GMV) . However, low Crus | GMV and
disorganized PHpC is paradoxically a predictor for high HGS, possibly through
reduction of noisy inference, the recruitment of alternative networks or further
interactions. These multi-modal dynamics reinforce that in men, HGS performance is
gated by the brain’s ability to orchestrate cognitive-contextual loops.

This integrative strategy is further supported by cortical importances and interactions
in the all-modalities model. Here, GMV in primary hand/forearm sensorimotor regions,
parietal hubs (SPL, IPS, supramarginal gyrus), and motor planning regions (SMA,
PMd) emerged as predictive. The parietal hubs provide the substrate for visuomotor
transformation and proprioceptive integration, required for internal models of limb
position; whereas planning regions support action selection and preparation, and
sequencing of complex movements. Additionally, importance of global CT reflects the
role of widespread cortical preservation. Notably, the observed interaction between
sensory and associative cortical regions indicates that intact low-level sensory
processing is a prerequisite for higher-order cortical structure to confer functional
advantages. Collectively, these cortical patterns indicate that in men, HGS
increasingly depends on widespread cortical preservation and on the structure of a
broad cortical integration architecture — spanning sensorimotor execution, visuomotor
transformation, and motor planning — suggesting that cortical morphology acts as a
system-level coordinator of information flow rather than as a localized determinant of
force output.

4. HGS as an integrative readout of large-scale neural communication

Our results support the conceptualization of HGS as a behavioural composite marker
of non-fragility, contrasting a simple test of peripheral strength or isolated motor output.
Consistent with this view, HGS was not primarily constrained by focal motor regions
or diffuse global brain measures. Instead, we observed predominance of distributed
systems linking integrity of sensory afferents, thalamocortical relays, cerebellar



pathways, and associative connections with morphology of subcortical nuclei,
especially in non-core motor areas. While we observed a focus on cortical morphology,
including core-motor areas, especially in men, this retained valid only in specific
models. These findings position HGS as a selective readout of brain-wide
coordination.

Critically, this integrative signature is anatomically selective. While HGS reflects
distributed integrity, it does not act as a generic proxy for diffuse brain aging or global
white-matter damage (e.g. WMH). Instead, it captures the vulnerability of functionally
meaningful architectures essential for sensorimotor precision, volitional effort
regulation, and broader cognitive functioning — processes that are particularly
vulnerable in ageing and clinical populations. This specificity aligns with the notion that
HGS performance depends on more than muscle capacity alone, incorporating
motivational, attentional and cognitive components and suggests that HGS captures
selective system vulnerability rather than undifferentiated decline.

Additionally, the found architecture provides an explanation for the link between HGS
and cognitive health. We propose that motor execution and higher-order cognition,
including the capacity to mobilize voluntary effort, converge on a shared integrative
substrate. The thalamocortical and associative tracts required for maximal HGS are
overlapping with circuits supporting attention, memory, and action selection.
Consequently, HGS serves as a sensitive behavioural assay of incipient network
dysfunction. Subtle microstructural degradation my impair the rapid integration
required for force production well before it triggers detectable failures or overt deficits
in standard cognitive assessments. This positioning transforms HGS from a narrowly
defined measure of strength into a scalable, high-fidelity window into the efficiency of
large-scale neural health and non-fragile functioning.

5. Neurobiological heterogeneity hints towards strategic flexibility

The marked inter-individual variation in feature importance suggests that HGS is not
governed by single canonical architecture, but is a final common outcome achieved
through flexible neurobiological strategies. The observed continuous importance
gradients and discrete subgroup-forming distributions point to biological redundancy,
where individuals may differentially weight sensory, subcortical, or associative
systems to maintain performance. Such many-to-one mapping between neural
architecture and behaviour reinforces the conceptualization of HGS as a composite
marker of systemic non-fragility rather than a localized readout of motor capacity.

Sex-specific differences in predictive patterns can be understood within this
heterogeneity framework. Despite a shared and highly standardized behavioural
endpoint, women and men exhibited partially distinct feature importances, potentially
reflecting variation in how distributed systems contribute to the same physiological
output. Rather than implying fundamentally different mechanisms of grip force
generation, observed differences suggest flexibel but structured variability in the
reliance on sensory, sensorimotor, and cognitive-motivtional-affective processes
mirrored in the respective involvement of neuronal substrates. Such variability would
be consistent with the idea that non-fragile performance can be maintained through
multiple neural configurations of sensory integration, sensorimotor precision,
subcortical modulation, cortical planning and commanding, and generally large-scale
coordination. Thereby, the exact neural implementation may be shaped by lifelong



differences in body composition, physical activity patterns and broader biological
context, such as hormonal milieu, but also psychoaffective conditions.

This heterogeneity has important implications for vulnerability and decline. If
individuals depend on different neuronal patterns to achieve comparable HGS,
deteroriation in HGS may reflect distinct circuit-level vulnerabilities and failures across
individuals (and sexes). Accordingly, reductions in HGS may signal heterogenous
neurobiological liabilities rather than a uniform pathway of degeneration, underscoring
the need for personalized subtyping in longitudinal risk profiling.

6. Methodological rigor and scope

While our predictive accuracy was modest — a common benchmark in large-scale
neurimaging — it must be interpreted within the context of our stringent confounder
control. By rigorous deconfounding, we prioritized biological specifictiy over raw
variance explained. This trade-off ensures that the identified signatures reflect actual
brain contributions to behaviour rather than demographic proxies. While pragmatic
thresholds were necessary for interpretability and differing dimensionalities across
modalities may have influenced performances, the robustness of results across five
performance metrics per model and various models reinforces the validity of the
captures signals.

7. Translational implications and conclusions

Our findings provide a mechanistic explanation for HGS as a scalable, integrative
biomarker of brain health. By identifying the specific neural signatures that constrain
HGS, we shift its utility from a simple frailty screen to a window into the integrity of the
brain’s global communication infrastructure. Its system-level dependence explains
why HGS captures early neural vulnerability in circuits that precede overt motor or
cognitive impairment, offering a physiological rationale for its predictive value across
diverse clinical outcomes.

Furthermore, the observed inter-individual variability suggests opportunities for
neurobiological subtyping, allowing further investigations on roles and vulnerabilities
of engaged sub-systems. Future longitudinal work should evaluate whether these
HGS-linked neural signatures serve as leading indicators with higher prognostic value
than the behavioural measure itself. Ultimately, HGS emerges as a low-cost, high-
fidelity behavioural assay of incipient large-scale network (dys-)function, providing a
target for early interventional strategies to preserve functional outcomes across the
lifespan.



Methods

1. Data and pre-processing

We used data of the 15t scanning session (ses-2) of the UK Biobank %), recorded at
three different sites in the UK (Cheadle, Reading, Newcastle). The exact acquisition
protocol and parameters for the MRI scans can be found in Miller et al. 3.

1.1 Neuroimaging derived features
1.1.1 Processing of structural imaging data

Structural MRI (sMRI) derived features included Gray matter volume (GMV), cortical
thickness (CT), surface area, grey white contrast (GWC) and white matter
hyperintensities (WMH). For the GMV feature group raw T1w images were segmented
into grey matter (GM), white matter (WM) and cerebrospinal fluid (CSF) and
normalized by using the default preprocessing of CAT 12.7 toolbox (MNI152 space;
1.5mm isotropic) 7° to arrive at computations of voxel-based morphometry (VBM) ",
For non-linear registraion, the Shooting method 7? with modulation was used.
Concretely, this means we used the mOwp1 output from the CAT 12.7 default-settings
preprocessing (only non-linearly modulated (m0), warped/spatially normalized using
Dartel/Shooting (w), partial volume segmentation (p), GM (1)). We extracted the
parcel-wise GMV as the winsorized mean (limits 10%) of the voxel-wise values per
parcel using cortical Schaefer et al. ”® atlas (1000 ROls, 7 networks), subcortical Tian
et al. " (S4 3T, 54 ROIs) and cerebellar Diedrichsen et al. 7> (34 ROls, SUIT space)
atlas to arrive at p=1088 parcels.

CT, surface area and GWC feature groups were derived from raw T1 images by the
UKB 78 uisng FreeSurfer version (6.0) 7/~7°. We obtained parcellated mean thickness,
surface area and GWC based on Desikan-Killinay atlas &° as provided by the UKB
(CT: p=66, surface area: p=66, GWC: p=68).

The total volume of WMH was also derived from the UKB. They derived WMH primarily
from T2 Flair data but also T1w images with automatic lesion segmentation using the
BIANCA tool 8'. We calculated WMH loads from this data by dividng the WMH
provided by the UKB with the total intracranial volume (TI1V) of a subject to adjust for
brain size. The adjusted WMH loadings are in the following referred to as WMH.

1.1.2 Processing of resting-state functional imaging data

rsfMRI derived feature groups included fractional amplitude of low frequency
flutuations (fALFF), local correlations (LCOR) and global correlations (GCOR). rsfMRI
data has undergone initial preprocessing by the UKB 82. Subsequently, we normalized
these images to MNI space, smoothed, and bandpass-filtered to improve the signal-
to-noise ratio of neuronal activtiy in the BOLD signal. To account for motion, white
matter, and cerebrospinal fluid (CSF) and thereby reduce potential confounding
influences, control measures were applied. To improve data quality further, images
that exhibited distortions and artifacts, including those attributed to within-scanner
motion were discarded. Voxel-wise fALFF 8 was computed as the power ratio of
neuronal activity-related oscillations to the total detectable frequency range in the
BOLD signal. Voxel-wise LCOR 8 and GCOR 8% were used to quantify neuronal
synchrony by assessing similarity in BOLD signal fluctuations. Specifically, they
capture correlations between each voxel and either with its local neighborhood
(LCOR) or with all other voxels (GCOR) 8. Voxel-wise measures were aggregated



following the same parcellation scheme as for the GMV, resulting in p=1088 parcels
per feature group.

1.1.3 Processing of Diffusion tensor imaging data

Diffusion-tensor-imaging (DTI) derived features included 6 white matter
microstructural characteristics in 27 major white matter tracts as processed by the UK
Biobank . The characteristics included fractional anisotropy (FA), a marker of axonal
damage ¥, the diffusion tensor mode (MO), a probabilistic measure in crossing-fibre
tracography & and mean diffusivity (MD), an inverse measure of membrane density
87, They were derived by feeding the b=1000 shell (50 directions) into the DTI fitting
tool DTFIT 2. In addition to the DTI fitting, the dMIR data was fed into NODDI (Neurite
Orientation Dispersion and Sensity langing) using the AMICO tool to generate three
voxelwise microstrucutral parmeters 82, namely isotropic volume fraction (ISOVF), an
index of free water 88, intra-cellular volume fraction (ICVF), an index of white matter
neurite density 8, and the orientation dispersion index (OD), a measure of within-voxel
tract disorganisation providing a more specific metric of axonal damage than FA.
Voxelwise information was combined as the weighted-mean value of the respective
DTI/NODDI parameter within a tract, with 27 major tracts being defined by standard-
space start/stop ROl masks defined by AutoPtx 8. Those features were derived from
the UKB directly (for details in the processing see 82). Those features are combined in
the feature group white matter tract integrity (WM-TI) (n=31151, p=162).

We computed peak width of skeletonized mean diffusivtiy (PSMD), an established
global (whole brain) imaging marker of small vessel disease, sensitive to
microstructural white matter changes * by following containerized standard procedure
(https://github.com/miac-research/psmd/tree/main) based on raw DTI data from the
UKB, projecting it on the white matter skeleton in standard (MNI) space and calculating
PSMD as the difference between the 95th and 5th percentile of MD values.

1.1.4 Combination of feature groups based on modality

We combined the described feature groups from the three MRI modalities in the
following way to arrive at 11 feature groups categorized in four modality groups (Fig.
1a). GMV (n=29414, p=1088), CT (n=33136, p=66), surface area (n=33136, p=66)
and GWC (n=33136, p=68) formed each a feature group belonging to the structural
modality. fALFF (n=22554, p=1088), LCOR (n=22554, p=1088) and GCOR (n=22554,
p=1088) formed each a feature group, belonging to the functional modality. The white
matter integrity modality contained the WM-T| feature group as well as the combination
of structural WMH and DTI derived PSMD (feature group WMH & PSMD, n=28554,
p=2), as they are both global markers of cerebral small vessel disease and white
matter integrity. In the multimodal modality group we combined the GMV, the WM-TI
and fALFF feature groups as a multi-modal condition containing the major feature
group of each modality (feature group GM, fALFF, WM; n=21471, p=2338).
Additionally, we combined all 9 feature groups into the feature group all modalities
(n=21159, p=4713).

1.2 Behavioural variables

Non-imaging variables were also obtained from first imaging session (ses-2) of the
UKB but behavioural assessments were measured outside of the scanner. Healthy
subjects were defined by excluding the ICD-10 criteria chapters F, G, and 160 to 169,
which excludes subjects with a history of mental and behavioural disorders, diseases
of the nervous system or with a cerebrovascular disease.



For the target variable hand grip strength (HGS), outliers were defined as values
exceeding 4th standard deviaton and were excluded from the data. HGS was
averaged over left and right hand to include left- and right-handed subjects and
minimize lateralization effects.

2. Modelling setup
2.1 Data splits and nested cross validation

For each feature group the data were split into a training (0.8) and test (0.2) set. The
training data were used to perform a stratified nested cross validation (CV) with one
repetition. The inner CV served hyperparameter optimization and the outer CV
provided a generalization estimate of each model's performance, allowing to identify
potential overfitting and served to select final models to be used on the hold out test
set. A final estimator for the “winning” models (see model selection process) was
retrained on the entire 80% training data and used for predictions on the 20% held out
test data to get out-of-sample (OOS) predictions. All applied splits were stratified for
binned age, binned HGS (2 bins) and sex (if models were trained on the not sex-split
samples).

The nested scheme implies that the inner CV is performed on each outer fold’s training
data. Concretely, we used a 5-fold inner CV with successive halving grid search with
a halving factor of 2, coefficient of determination (R?) as optimization metric and an
algorithm dependent grid. Outer CV performance was evaluated using root mean
squared error (RMSE), mean absolute error (MAE), R?, Pearson r and Spearman r, to
get a transparent estimate of each model’s performance.

Confounder adjustments were computed within the nested CV scheme to avoid data
leakage. Therein, for each feature, a linear regression was fit using the confounders
as predictors and each feature as dependent variable. Residuals of this fitted linear
regression (original features minus predicted/fitted features) served as deconfounded
features. Within the CV scheme, continuous features and confounders were z-scored
(zero mean, unite variance) and categorical confounders (if applicable) were one-hot-
encoded before confounder adjustment. Residualized features were again z-scored
after adjustments as some algorithms are sensitive to feature distributions.

Table 1. Overview of sample sizes.

Feature group | Ntrain,female Ntest, female | Ntrain,male Ntest, male #Features P

(nested CV) | (OOS) (nested | (OOS)

V)

GMV 11076 2769 10101 2526 1088
Cortical 12490 3123 11367 2842 66
Thickness
Surface 12490 3123 11367 2842 66
GWC 12490 3123 11367 2842 68
fALFF 8559 2140 7679 1920 1088
LCOR 8559 2140 7679 1920 1088
GCOR 8559 2140 7679 1920 1088




WM-TI 11813 2954 10614 2654 162

WMH & 10876 2719 9682 2421 2

PSMD

GM, fALFF, 8099 2025 7359 1840 2338

WM

All modalities | 8008 2003 7224 1807 4713
2.2 Algorithms

Following this scheme we trained seven algorithms, namely a ridge regression, three
version of a linear support vector regression (SVR) (linear), SVR with radial basis
function (RBF) kernel, XGBoost and Random Forest (non-linear) (Fig. 1a).
Implementations were either based on scikit-learn ' or custom-written code.

3. Confounder selection process

As our core interest was in the neuronal underpinnings of HGS, we applied a
thourough confounder identification process, to rule out as many non-brain related
influences as possible. Confounding is an inherently causal concept 9293, so that for
proper confounder selection and justification causal reasoning must be applied to
distinguish confounders from colliders and mediators, which is essential to not
introduce additional bias °*. To this end we used a DAG approach to identify relevant
sets of deconfounders, following the approach suggested in Komeyer et al. 3, allowing
us to theoretically identify sex and age as appropriate adjustment variables (S-Fig. 1).

To back up the theoretical justification, we additionally followed a more established
approach in the field and adjusted the models for a variety of different adjustment
scenarios to then evaluate the related performance drop under those different
adjustment scenarios. Namely we evaluated no adjustment, age (alone), sex (alone),
sex and age together, sex, age and TIV together as well as sex, age, TIV, waist
circumference, BMI, body fat percentage and whole-body fat free mass together (the
latter in the following is referred to as adjustment set “all”). Using this empirical
approach, we could identify that the drop in predictability saturated when removing
more confounding influences than sex and age (S-Fig. 2).

Sex (biological sex either based on NHS records or as self-reported) was the
confounding variable with the strongest influece. As we used linear and non-linear
prediction algorithms but a linear confounder adjustment strategy, we suspected that
non-linear algorithms might pick up non-linear sex information. This could be
confirmed (to different degrees in the different feature groups) by an additional
investigation setup, where we used the Xgboost algorithm (non-linear) to classify sex
from the respective brain feature group once with and without linearly residualizing the
features for sex influences. While we observed a drop in predictability when adjusting
for sex we had a remaining predictability from the residuals (should be at chance level)
for all feature groups but WMH & PSMD, confirming that non-linear algorithms can
potentially pick up non-linear sex information (S-Fig. 3).

Consequently, as a yet additional adjustment option, we trained models separately on
the female and male subpopulation, to rule out any sex-related influences (sex-split
predictions). All evaluations, the theoretical justification and the empirical approaches
suggest that using sex-split samples for prediction with additional linear feature
residualization for age is a robust adjustment setup, to control for as much non-linear



confounding influences as possible, to investigate neuronal influences on HGS, so
that we continued with this setup.

In total this led to 14 adjustment scenarios of which 12 could be discarded in the
confounder selection process and only the two final adjustment setups (female and
age-adjusted, male and age-adjusted) were considered in the model selection process
(Fig. 1a, italic).

4. Model selection process

The combination of 11 feature groups, 7 algorithms and 14 adjustment options
resulted in a total of 1078 models. The confounder selection process allowed to
identify the two valid adjustment options, namely separating female and male
subpopulations and additionally adjusting for age per subpopulation (male & age-ad;.,
female & age-adj.). This led to 77 models per sex being considered in the model
selection process to identify based on the 10-fold outer CV results which feature group
— algorithm combination to use for OOS predictions, separately for women and men
(Fig. 1b).

4.1 Model comparison (significance testing)

Models were compared using the performance measure distributions of the 10 folds
of the outer CV to identify if models performed significantly different. We considered
all 5 error measures from the outer CV (R?, pearson r, spearman r, mean absolute
error (MAE), root mean squared error (RMSE)) for comparisons to get a broad
perspective on model performance as different error metrics are sensitive to different
aspects.

In a first filtering step, we discarded all models with a negative R2 value in any of the
outer CV folds. Negative R2 values are not meaningful and an indicator of poor model
performance. To keep the same number of outer folds for model comparisons, we
discarded models even if they had only one fold with a negative R2 value. This led to
22 remaining models for females and 24 for males.

4.1.1 Friedmann chi-square test for general (omnibus) effect testing

We used a Friedmann chi-square test to test for a general effect of performance
differences between models. It is a non-parametric alternative to a repeated
measurement ANOVA for three or more dependent samples that does not require fold-
performances to be normally distributed as analyses are based on rankings. We
calculated the Friedmann test for all 5 error metrics (single metric results see
supplementary Table 1) and aggregated results across metrics by building the
harmonic mean of metric-wise p-values to arrive a one overall decision criteria. Results
revealed significant model performance differences (alpha = 0.05) for male and female
subsample (female & age-adj: pharm = 0.04, male & age-adj: pharmm = 2.8e-05).

4.1.2 Nemenyi post-hoc pairwise model comparison

We performed Nemenyi post-hoc pairwise comparisons between model performances
for all 5 metrics (females: 22 comparisons per metric, males: 24 comparisons per
metric) and calculated the harmonic mean of p-values across metrics for each pair of
models (all: S-Fig. 4, S-Fig. 5, significant: Fig. 2c). Nemenyi post-hoc test is based on
the studentized range statistic (q distribution) and controls the family-wise error rate
across pairwise model comparisons so that no additional correction for multiple
comparisons was required. Additionally, there was no correction for multiple



comparisons for testing of the female and male models required, because we did not
compare those setups with each other but performed them independently.

4.2 Model ranking

To determine an overall ranking of model performances, we first ranked models per
outer CV fold and per metric (e.g. model x performed best in fold 0 according to MAE).
We then took for each model per fold the average rank over metrics (e.g. model x in
average performed best in fold 0) and then took the average performance rank of each
model over folds, arriving at one average rank (over metrics and folds) per model
(supplementary Table 2, 3).

We used the average best ranked model per sex as top performing reference model
(supplementary Table 2, 3, orange) in combination with the previous Nemenyi pairwise
model comparison results, to identify all models that performed significantly worse
than this top performing model. Surviving models are hence statistically not
distinguishable in performance from the top performing model. This led to 11 surviving
models in women (supplementary Table 2) and 13 in men (supplementary Table 3).
Of note, the GMV-XGBoost model in the female subpopulation was not among the
surviving equally performing models. However, it's average performance ranking was
better than the ranking of two other models that performed not distinguishably worse
from the top model. Even though the significance testing was also rank based, this
can happen because the average ranking combines all metrics directly for the ranking,
while the test results were only aggregated over metrics at the level of the p-value, i.e.
they were performed separately for each metric. We hence decided to include the
GMV-XGBoost model additionally to the surviving models.

From the surviving top performing models we only selected the top performing model
per feature group to be used for the OOS predictions, as we are interested in the
neuronal aspects underlying each model’s prediction and therefore do not need
duplicate feature group models (supplementary Table, 2, 3, blue). This resulted in five
unique feature group best performing models per sex (Fig. 2d). In the female
subpopulation those models used the feature groups all-modalities, GM & fALFF &
WM, WM-TI, fALFF and GMV (additionally included) always with XGBoost as
algorithm. In the male subpopulation selected models used the same feature groups,
also with using XGBoost as algorithm but for the WM-TI best ranked model Random
Forest performed marginally better. As the difference between the WM-TI Random
Forest and XGBoost models was not significant (prarm = 0.90), we here also selected
the XGBoost based model for better comparability with the other models and because
XGBoost has a more efficient computing behaviour. Those five models per sex were
then used for OOS predictions.

4.3 OOS predictions of winning models

For OOS predictions, the algorithms of the winning models from the CV per sex were
retrained (including 5-fold inner CV for HPO) on the entire training set from the outer
CV (80% of the data) and OOS predictions were performed on the previously held out
20% of the data (see Data splits and nested cross validation and Table 1 for sample
sizes).

All OOS used XGBoost as algorithm. From XGBoost’s hyperparameters max_depth,
learning_rate, gamma, min_child_weigh, reg_lambda and subsample were tuned in
the inner CV (grid and final hyperparameters: supplementary Table 4), whereas the
following were specified but not tuned, n_estimators=1000, max_delta_step=0,



colsampple_bytree=1, eval_metric=“rmsle”, and for all others default settings were
used.

OOS performances were evaluated with the same five error metrics as the outer CV,
but for visualization purposes only R? and pearson r are displayed. All OOS predictions
were performed separately for the female and male subpopulation, as before for the
nested CV, but are visualized in the same plot (Fig. 2e).

5. Post-hoc feature importance analysis

To interpret the final out-of-sample prediction model, we performed a post-hoc feature
importance analysis designed to identify the brain features most relevant for predicting
hand grip strength (HGS), while explicitly accounting for inter-feature dependencies.
Our interpretability workflow builds upon the SHapley Additive Explanations (SHAP)
framework but extends it to handle associated predictors through feature clustering
and Owen value decomposition.

5.1 SHAP

The SHAP (SHapley Additive exPlanations) framework %5 quantifies the contribution
of individual features to a model's predictions. SHAP values are derived from
cooperative game theory and represent each feature’s marginal contribution to the
model output, averaged over all possible feature combinations. In essence, SHAP
decomposes each prediction into additive contributions from features. On a subject-
level (local explanation), positive SHAP values indicate that a given feature increases
the predicted target (HGS), while negative values indicate a decreased prediction.
Averaging absolute SHAP values across individuals (global explanation) provides
direction- and subject-independent measures of feature relevance.

SHAP assumes statistically independent features, an assumption that is often violated
in high-dimensional neuroimaging data, where structural and functional brain
measures are inherently correlated. In such cases, SHAP values may overestimate
the importance of correlated features or split shared importance arbitraily among them,
resulting in misleading interpretations.

To overcome this limitation, we adopted a dependency-aware attribution approach
based on feature clustering and Owen values %97, which extend the SHAP framework
to account for feature inter-dependencies. The clustering step identifies groups of
features with shared information with respect to the target, and the Owen value
computation distributes importance both between and within the feature groups as
identified in the clustering.

5.2 Feature clustering

Hierarchical clustering was implemented using shap.utils.hclust with a XGBoost-
based distance metric (metric="xgboost_distances_r2”), quantifying the degree to
which features share predictive information about the target (HGS) and clustering
them accordingly. The resulting hierarchical dendrogram (average linkage) represents
pairwise feature similarities.

5.3 Owen values

Owen values were computed to obtain feature attributions that explicitely incorporate
the hierarchical dependency structure among the neuroimaging features. Following
the hierarchical feature clustering, the resulting cluster-tree was passed to a SHAP



partition masker (shap.maskers.Partition), which enforces the clustering as a coalition
structure in the Owen game %. When combined with this cluster-based masker, the
SHAP partition explainer (shap.explainers.Partition) recursively evaluates coalition
splits at every level of the clustering-tree, yielding Owen values for all cluster partitions
from the root (full feature set) to the leaves (individual features). This procedure
ensures that attribution reflects both aggregated cluster contributions and fine-grained
feature contributions within clusters. The explainer was initialized on the training data
and applied to the held-out test set, with the number of model evaluations set to 2p +
1 (p: number of features) to approximate the exact solution . In practice, the derived
Owen values indicate per feature how much the feature contributed to the model’s
predictions and in sum per cluster indicate how much the cluster contributed to the
model’s predictions, both locally (per-subject) and globally (averaged over subjects).

6. Cluster selection and interpretation

As Owen values were derived at every level of the hierarchical clustering, for further
investigations, the tree must be cut at a certain level to interpret clusters. To this end,
we set the number of clusters to sqrt(p) (p: number of features), to have a fair cluster
number criterion given the different number of features in the different models (Table
2). Of those, we selected the first n clusters that explained 80% of cumulative
importance (Fig. 3b, among others).

Table 2. Number of clusters per OOS model.

All GM, fALFF,
modalities WM

WM-TI | GMV | fALFF

Overall number of clusters 69 48 13 33 33
(female/male)
n clusters selected Female 9 20 8 17 21
explaining 80% of
cumulative importance | Male 23 31 8 20 20

6.1 Cluster investigations of the all-modalities model (Fig. 3)
6.1.1 Importance per feature group

The all-modalities model performed best in both sexes in the OOS predictions, and
contained all feature groups, which makes it suitable for neuroscientific broad and
accurate information gain. To get a general overview of feature contributions to the all-
modalities models’ predictions, we first calculated the proportion of contribution of
importances per feature group and modality within the all-modalities model per sex.
To this end, we divided for each feature group the sum of mean absolute Owen values
by the number of features per group (e.g. GMV: p=1088), to correct for feature group
size. This group-size corrected value was then divided by the sum of all corrected
values (over all feature groups) to get the proportion of the importance of one feature
group among all feature groups. For further summary, we colour coded each feature
group by the modality (structural, functional, WM integrity) to which the feature group
belonged (Fig. 3a).

6.1.2 Inspection of neuroscientific meaning of most important clusters

For the n most important clusters per sex of the all-modalities model we first
investigated the mean absolute Owen value per subject over cluster features (female:



Fig. 3c, male: S-Fig. 6, scatter). Additionally, we evaluated the mean absolute Owen
value per feature over subjects to arrive at a global explanation of how important each
feature in the cluster was to arrive the HGs predictions (female: Fig. 3c, male: S-Fig.
6, brain plots).

6.1.3 Interactions of most important feature per cluster

While Owen values provide general information on the importance of a feature, they
do not allow on their own to determine the directionality of a feature’s influence.
Therefore, for each of the n most important clusters we picked the feature with the
highest mean absolute Owen value, i.e. the highest global importance (top feature)
and investigated the interaction between its Owen and its feature value to determine
the directionality of its influence. In contrast to linear models, tree-based models often
rely on complex feature-feature interactions to arrive at predictions. To determine the
most important interacting feature with the top feature of each cluster we trained a
shallow random forest regression (n_estimators=100, max_depth=4) to predict the top
feature’s Owen value based on all features of the test set (excluding the top feature
itself). From the sorted ranking of this random forest’s feature importances we either
picked the most import feature, or if importances were close, the one better explaining
the interactions based on visual inspection among the top 3 ranked features. This
allowed to inspect for each top feature per cluster the interaction between its Owen
value, feature value and the most relevantly interacting feature’s feature value (female:
Fig. 3d, male: S-Fig. 7).

6.2 Identifying most relevant features across models (Fig. 4)
6.2.1 Importance of best all modalities model features in the other OOS models

To evaluate the importance of the most important features of the all-modalities model
in the other OOS models, we first min-max normalized the mean absolute Owen value
of features within each model, to arrive at importance values that are comparable in
magnitude between models. We then extracted for each OOS model per sex the n
most important clusters as described above. Per OOS model we picked those features
that also appeared in the top n clusters of the all-modalities model and compared their
min-max normalized mean absolute Owen value between models (note: not all
features can theoretically appear in all models) (Fig. 4a). In the corresponding
visualization, the mean absolute Owen value is indicated by circle size, whereas circle
area colour codes the modality of the model (multi-modal, functional, structural, WM
integrity) and edge colour indicates the modality of the feature in the model (structural,
functional, WM integrity). Therefore, for uni-modal models area and edge colour
always match, while for the multimodal models they can differ.

6.2.2 Most successful features across best models

To identify the most successful features independent of cluster belonging across all
OOS models per sex, we calculated a weighted feature success ratio. To this end, we
took the n most important clusters per model as describe before and combined the
importance of those top features across models. Concretely, we counted in how many
of the five models per sex each feature appeared in a top cluster. Additionally, we
defined how often a model can theoretically appear, i.e. features of the uni-modal
feature group models (GMV, fALFF, WM-TI) can appear in the respective uni-modal
model, in the GM, fALFF, WM model and in the all-modalities model, i.e. three times,
whereas all other features can maximally appear once (in the all-modalities model).
We calculated the feature success ratio as the number of models the feature appears



in the top clusters divided by the number of models in can theoretically appear in. As
this does not account for the respective importance of the feature in the model but only
identifies if and how often the model appeared, we additionally weighted this ratio by
a feature’s importance. We calculated the weights by first min-max (0-1) normalizing
the mean absolute Owen value over subjects per feature within a model to ensure
value comparability between models. For each feature appearing in any of the models’
supra-threshold clusters we summed this feature’s min-max normalized mean
absolute Owen value across models in which the feature appeared. This weight was
multiplied with the previous feature success ratio to arrive at the weighted feature
success ratio. We ranked models according to this score and took for females and
males the 20 top features for neuroscientific interpretation. The weighted feature
success ratio is visualized as bar plot (numerical values (0-3), with bar colour encoding
the ranking of the model according to the score. Additionally, we highlighted the min-
max normalized mean absolute Owen value (0-1) per model as data points as it is the
driving factor for the weight calculation. For brain visualizations, if a feature appeared
multiple times in the ranking with a different measurement (e.g. OD and MO of medial
lemniscus rh), we display the higher ranked measure (Fig. 4b).
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6 Discussion

6.1 Integrative summary of findings across studies

6.1.1  From methodological challenge to biological insight

The overarching goal of this dissertation was to elucidate system-level neural architecture that underpins
HGS, in order to better understand and explain its robust predictive value for diverse health outcomes.
This was achieved using machine learning on large-scale, multi-modal neuroimaging data. Addressing
this question required a critical examination of the methodological foundations upon which such
investigations rest. Consequently, the thesis was structured as a sequential research program progressing
from the identification of methodological obstacles (Study 1), development of theoretically grounded
solutions (Study 2), and application of these solutions to a concrete neurobiological question (Study 3).
This rigorous methodological consideration of issues such as confounding and feature multicollinearity

allowed for empirical neurobiological interpretations in an unbiased and reliable manner.

Across studies, a common methodological insight emerged that brain-behaviour prediction in
observational neuroimaging is feasible but fragile. Neuroimaging-based predictive models operate under
conditions of low signal-to-noise ratio, multicollinearity among neural features, and substantial
influence of third variables (neither features nor target) that covary with both brain measures and
behavioural outcomes. This thesis demonstrates that these limitations do not invalidate predictive
modelling as a neuroscientific tool per se, but that these conditions require a deliberate synthesis of data-
driven methodology incorporating domain-specific theoretical and biological knowledge. This leads
directly to the distinction of the intended utility of a model between outcome prediction or
neurobiological explanation. While general methodological concerns apply to both scenarios, this thesis
focuses methodologically and empirically on the later. In this realm, study 1 reviews challenges in cases
of pure domain-content-focus without methodological rigor, an imbalance that risks inflated
performance estimates, limited generalizability, or overconfident neurobiological conclusions. Taking
the opposite perspective, study 2 demonstrates that purely data-driven approaches are particularly
inadequate when addressing confounding, which requires the inclusion of causal reasoning based on
domain-knowledge. In the absence of such reasoning, models may exploit spurious associations and
again, overpromise biological insight. In convergence, study 3 illustrates what becomes
neurobiologically visible — despite limited signals — once these issues are addressed and complemented
by interpretation strategies that account for feature multicollinearity. Concretely, study 3 elucidated the
neural signatures most used by models to predict HGS, providing insights into the system-level brain-
architecture supporting HGS. Together, the thesis demonstrates that robust neuroscientific insight
emerges not from methodological or theoretical considerations alone, but from their systematic

integration.
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From a neurobiological perspective, the empirical findigns of study 3 converge on a coherent
system-level interpretation of HGS. Predictive signal was not diffusely distributed across the cortex nor
dominated by functional connectivtiy measures, but is concentrated in a distributed yet specific set of
white matter pathways and subcortical structures. In particular, the integrity of long-range tracts,
supporting sensorimotor and associative transmission and integration, as well as structural properties of
basal ganglia and thalamic nuclei, emerged as central contributors. These findings were remarkably
consistent across modelling strategies and sexes, underscoring their robustness. Rather than reflecting
isolated or focal motor representations, individual differences in HGS appear to index the efficiency and
integrity of distribtued neural systems that synchronize motor execution with sensory feedback,
subcortical modulation, and higher-order control processes. This pattern supports the interpretation of
HGS as a maker of system-level neural integrity and coordination rather than localized motor strength

alone.
6.1.2  Conceptual synthesis: Why is HGS such a versatile marker?

At first glance, and particularly in light of the strong influence of body composition and other
non-neuronal factors, HGS may appear to be a predominantly peripheral musculoskeletal measure.
Indeed, muscle mass, biomechanics, and general somatic health contribute substantially to inter-
individual variance in HGS and constitute important sources of confounding in neuroimaging analyses.
However, the neuronal findings synthesized in this thesis demonstrate that HGS is neither a pure muscle
measure nor a simple cortical motor output. Instead, they suggest that HGS constitutes a global read-out
of the brain’s capacity to coordinate, transmit, and integrate signals across hierarchical levels of neural
organization and across task-specialized motor and non-motor systems. The execution of maximal grip
force does not rely solely on primary motor output, but requires the integrity of ascending and
descending pathways, subcortical gating and scaling mechanisms, cerebellar timing, and extra-motor
processes related to attention, motivation, and affective drive. In this sense, HGS can be conceptualized

as a global stress test of distributed neural integrity.

Despite its apparent simplicity, this system-level dependence provides a parsimonious
explanation for the remarkable breadth of epidemiological associations observed for HGS. Because
HGS reflects the integrity and processes of distributed neural systems, it is sensitive to a wide range of
pathological and age-related aspects that compromise global, but specific brain health, including
cerebrovascular burden, neurodegeneration, and dysregulation of neuromodulatory systems. As a result,
HGS exhibits robust links to mortality, cognitive decline, frailty, and psychiatric vulnerability. The
central conceptual takeaway emerging from the work done in this thesis is therefore that HGS is a
uniquely informative phenotype because it is effortful and systematically demanding as it requires the
coordinated mobilization of motor, sensory, cognitive, and motivational resources toward a unified
physiological goal. As such, HGS occupies a distinctive position among behavioural phenotypes,
offering an accessible yet biologically rich window into global brain and organismal health across the
adult lifespan.
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6.2 Methodological contributions to brain—behaviour predictive modelling

The methodological studies included in this thesis are not auxiliary to the neuroscientific
investigation but constitute a necessary foundation for it. Observational large-scale neuroimaging data
together with machine learning offer wide opportunities for the study of brain-behaviour relationships.
Yet, under the accompanying challenges, methodological choices can determine whether predictive
models yield neuroscientifically meaningful insights or merely reflect spurious or indirect associations.
The first two studies therefore address core methodological challenges that must be resolved to build
brain-based predictions of HGS that allow for neurobiologically interpretation of brain features

informative for the model.
6.2.1 From prediction performance to neuroscientific meaning

A centrally stressed conceptual perspective in this thesis is that prediction is not explanation.
From this directly follows the distinction between predictive success of a model in the sense of high
predictive performance and explanatory success as in providing informative neurobiological
explanations. While those two are not necessarily mutually exclusive, high performance can arise from
non-neural correlates of feaures or target, in the case of HGS for example age, sex, body size, or
peripheral physiology. However, predictive performance is determined by prediction metrics which can
only depict accuracy but not its neurobiological informativeness. Consequently, uncritical reliance on
prediction metrics risks misinterpretation of effective model functioning on neuronal constructs, when
actual model success is based on demographic predictors or proxies of peripheral biological factors.
This thesis therefore shifts the focus from the question of whether a phenotype can be predicted to the

question of what the prediction can tell us about neurobiology.
6.2.2  Confounding as a reflection of biological entanglement

Confounding represents a particularly critical challenge in brain-behaviour predictive modelling
because variables commonly labeled as confounders in neuroimaging are often biologically meaningful
and embedded in shared causal pathways linking brain, body, behaviour, and environmental factors.
This entanglement renders determination of causal influence-directionalities difficult, whereas
correlative structures between variables remain the same. Problematically, correlation-based confounder
selection is inherently unreliable as confounding is a causal concept (Wysocki et al., 2022). The
complexity of cause-effect structures in neurobiology therefore makes it particularly difficult to
distinguish confounders from mediators or colliders. To overcome limitations of current practices of
correlation-based confounder handling in neuroimaging research, study 2 therefore introduces causal
inference concepts, including directed acyclic graphs and graph-theoretical adjustment rules, into the
context of associative neuroimaging prediction, with the aim to offer a pragmatic and adoptable solution
for confounder handling in neuroimaging. The core idea relies on a theory-data hybrid approach by
integration of theoretical cause-effect domain knowledge into data-driven predictive modelling. It

thereby improves transparency of confounder treatment decisions, makes assumptions explicit, and
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allows for principled differentiation between types of third variables. Study 2 thereby briges two gaps:
First, between disciplines, namely through the combination of causal inference tools and associative
machine learning, and second between paradigms, concretely between theory- and data-driven
approaches. Importantly, despite causally informed, deconfounded models remain associative in nature:
Causal reaosning reduces spurious associations and improve interpretatbility but it does not convert

prediction into causal inference.

Beyond confounder identification, the biological entanglement of variables also challenges
standard confounder adjustment strategies. Linear feature residualization, while commonly applied in
neuroimaging-based predictive modelling (Chyzhyk et al., 2022; Snoek et al., 2019), can be insufficient
in high-dimensional and non-linear machine learning settings and cannot account for complex
confounding structures (Hamdan et al., 2023a). Study 2 of this thesis therefore discussed potential
alternatives and the implementation of sex-split models in study 3 is a direct consequence with the aim
to reduce non-linear sex-related confounding that cannot be captured by linear feature residualization.
Nonetheless, future work is needed to develop theoretically grounded but pragmatically feasible
improvements to linear feature residulaization for confounder adjustment in neuroimaging-based multi-

variate and non-linear machine learning.
6.2.3  Multicollinearity-aware interpretation as a prerequisite for system neuroscience

A further methodological concern in this thesis is the interpretation of predictive models in the
presence of strong multicollinearties, which is inherent to neuroimaging features. Correlated features
can be used interchangeably by predictive models, rendering feature-wise importance estimates unstable
and potentially misleading (Jiang, Woo, et al., 2022; Kraha et al., 2012). To address this issue, study 2
adopts a hierarchical-cluster-based interpretation strategy that aggregates features into higher-order
structures based on their informativeness about the target. Interpretations are performed at every
hierarchy of the aggregation process, so that they recover system-level structures and offer insights into
cooperative meaning (Lopez & Saboya, 2009). This approach yields more robust and biologically
meaningful insights by shifting the focus from isolated brain features to systems and shared signale-

carriers, aligning model interpretation with system-level views of brain organization.

Collectively, the methodological contributions of this thesis extend beyond specific application
to HGS. Confounding, multicollinearity, and methodological pitfalls such as data leakage or biased
model evaluations represent pervasive challenges in neuroimaging-based predictive modelling (Alfaro-
Almagro et al., 2021; Benkarim et al., 2021; Chyzhyk et al., 2022; Hamdan et al., 2023b; Rao et al.,
2017), with large datasets exacerbating the especially the confounding issue through high sensitivity to
artifactual associations (Smith & Nichols, 2018b). By combining a systematic overview of common
pitfalls (Study 1), a causally informed framework for confounder handling (Study 2), and a concrete
empirical implementation that accounts for the previously identified challenges as well as feature

multicollinearity (Study 3), this thesis establishes a concise yet comprehensive methodological
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foundation for extracting neurobiologically meaningful information from large-scale brain—behaviour

predictive models.

6.3 Neural systems supporting the prediction of HGS

6.3.1 A system-level perspective on HGS

The central neurobiological insight emerging from study 3 is that HGS primarily reflects the
efficiency and integrity of neural signal transmission across distributed systems rather than the isolate
capacity for force generation within focal motor regions. This interpretation is strongly supported by the
dominance of white matter tract integrity measures among the most informative predictors. The
predictive relevance of multiple complementary microstructural indices (e.g. diffusion tensor mode
(MO), orientation dispersion index (OD), isotropic volume fraction (ISOVF), fractional anisotropy
(FA), mean diffusivity (MD)) indicates that HGS depends on diverse properties of white matter
organization, including axonal density, orientation coherence, and extracellular diffusion. These
measures do not capture the magnitude of the initial motor command, but rather the quality, reliability,
and efficiency with which signals are transmitted and integrated across hierarchical levels of the motor
system. Consistent with this view, long-range projection and association fibers emerged as central
contributors to the prediction of HGS. Ascending somatosensory pathways, particularly the medial
lemniscus, and STR, a motor-specific thalamocortical connector, formed a coherent sensorimotor
integration axis. Importantly, CST integrity was predictive primarily in conjunction with medial
lemniscus integrity, underscoring the critical role of afferent feedback in maximal force production.
Efficient sensory feedback is required to stabilize force output, calibrate scaling, and prevent
maladaptive central inhibition (Bolognini et al., 2016; Purves, Augustine, Fitzpatrick, Katz, et al.,
2001b). Consequently, functional maximal force generation can be limited not through weakness of
efferent drive, but through inefficient sensorimotor integration and disrupted internal state estimation
(Asan et al., 2022; Nowak & Hermsdorfer, 2006). This aligns with findings that increased
somatosensory input from the paretic hand after stroke, for instance by using somatosensory stimulation,
may improve motor function (Conforto et al., 2002). Beyond classic sensorimotor pathways, non-motor
thalamic radiations (most prominently the anterior thalamic radiation (ATR)) contributed to HGS
prediction. The ATR provides structural connectivity between prefrontal regions and thalamic nuclei
and supports attention allocation, contextual processing, and executive modulation (Nelson, 2021;
Wright et al., 2015). Empirical evidence links ATR microstructure to attention direction under
conflicting cues (Mamiya et al., 2018) as well as to greater adherence to physical activity in older adults
(Gujral et al., 2018). Its involvement in HGS suggests that maximal grip strength is not a purely motor
output, but depends on executive engagement, sustained attention, and cognitive drive required to
initiate and maintain voluntary effort. This interpretation is further reinforced by the contribution of
long-range association fibres, including the ILF and cingulum bundle (gyrus and hippocampal part),

which integrate sensory, attentional, and cognitive information. Recent work indicates that such
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associative tracts contribute not only to cognition but also to proprioception and state estimation
(Chilvers et al., 2022), providing a structural substrate for the well-established association between HGS
and cognitive performance. The prominence of white matter integrity as a predictor of HGS also aligns
with evidence from aging-related changes, vascular pathology, and neurodegeneration, where diffuse
white matter pathology such as small-vessel disease, as reflected by WMH, was seen to precede
cognitive decline and neurodegenerative processes (Brickman et al., 2015; Debette et al., 2019; Prins &
Scheltens, 2015; Wardlaw et al., 2015). Even mild white matter damage has been associated with
reduced motor speed, coordination, and muscular strength (Sachdev, 2005), and stronger grip was
associated with reduced WMH people with major depressive disorder (J. A. Firth et al., 2020).
Interestingly though, in our study WMH did not emerge as a strong predictor of HGS but exhibited
lower performance than more specific measures of white matter tract integrity. In combination, this
suggests that HGS can be understood as a behavioural readout of global, yet specific structure and

integrity of defined sub-systems rather than diffuse decline.

Opposing the prominent role of white matter, cortical features contributed comparatively little
to HGS prediction. This may appear surprising given the functional imaging evidence demonstrating
linear increases in motor cortical activation with increasing force output (Dettmers et al., 1995;
Thickbroom et al., 1999; N. S. Ward & Frackowiak, 2003). One explanation however can be that HGS
reflects power grip rather than precision grip and places minimal demands on fine motor planning and
dexterity. Cortical specialization is particularly critical for skilled, fractioned movements and motor
learning. In contrast, power grip relies on robust, redundant, and evolutionarily conserved circuitry, as
it can be interpreted as the cortical appropriation of foundational grasping predominantly mediated by
spinal and brainstem circuits (Capute & Accardo, 1996; Futagi et al., 2012; Marques De Moraes et al.,
2017; Stephens-Sarl6s et al., 2025; Zafeiriou, 2004). This hints towards a neural architecture of HGS
optimized for efficiency and redundancy, rendering HGS relatively robust to focal cortical variation

while remaining sensitive to distributed system integrity.

In contrast, subcortical gray matter emerged as core contributor to HGS across modelling setups
and sexes with basal ganglia structures forming one of the most informative clusters. Basal ganglia act
in a gate-keeping function, by selecting or inhibiting motor programs or preparing upper motor neuron
circuits for initiation of movement (Purves, Augustine, Fitzpatrick, Hall, et al., 2001). This gate-keeping
function was particularly attributed to sub-structures such as the STN and GPi (more posterior basal
ganglia), exhibiting higher activity with higher force amplitude (Prodoehl et al., 2009; Spraker et al.,
2007; Vaillancourt et al., 2004), whereas regions such as the caudate nucelus and anterior putamen (more
anterior) previously were more associated with the preparatory phase, showing higher activity based on
the predictability of the required force (Wasson et al., 2010). Such a anterior-posterior distinction also
underlies the functional connectivity gradient based subcortical parcellation of the globus pallidus as
established by (2020) and used in study 3. The globus pallidus along this anterior-posterior gadient is

topographically organized in limbic, associative (anterior globus pallidus (aGP)), and sensorimotor
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(posterior globus pallidus (pGP)) functional zones (Bertino et al., 2020). Study 3 identified the aGP as
one of the dominating predictors, with larger aGP GMV being associated with lower HGS. This is
interesting, both w.r.t to the involvement of the aGP in motivational control (reward seeking, aversive
avoidance) and processing (goal decision, action selection), cognitive processing and effort-based
decision-making, rather than direct motor execution (Pessiglione et al., 2007; Prodoehl et al., 2009; Saad
et al., 2020; Saga et al., 2017; Xia et al., 2024), as well as w.r.t. this inverse relationship of higher
volume-lower HGS. This combination could reflect less efficient action selection through overactivity
concerning goal decision or reward/aversive processing and reinforces that HGS is influenced by
cognitive-motivational-affective, i.e. non-motor processes. While such interpretations of volume-based
features can be ambigous (hypertrophy, gliosis, developmental variance), the predictive importance of
aGP and the respective motivational-affective component is consistent with findings for example of
reduced motivation, attention, or affective drive in depressive states being associated with diminished
grip strength independent of muscle mass or corticospinal integrity (Cass et al., 2024; J. Firth et al.,
2018; J. A. Firth et al., 2020; Rinne et al., 2018). Beyond the basal ganglia, additional involvment of
thalamus nuclei in women, highlights the relevance of the thalamus as an integration hub coordinating
basal ganglia—cerebellar—cortical loops to constrain force output according to predictive internal models
rather than maximal muscle recruitment (Bosch-Bouju et al., 2013; Opri et al., 2019; Takahashi et al.,

2021; Wasson et al., 2010).

Together, findings from study 3 position HGS as an emergent property of integrated motor,
cognitive, motivational, and neuromodulatory systems rather than as a readout of isolated motor

capacity.
6.3.2  Many-to-one mapping and strategic flexibility in HGS

The inter-individual variability in feature importance observed in Study 3 suggests that HGS is
not supported by a single canonical architecture, but reflects a fial common behavioural outcome
achievable through flexible, rdundant neurobiological strategies. This many-to-one mapping between
neural systems and HGS aligns with the conceptualization of HGS as a phenotypic readout into the
current state of a complex system. Observed sex-specific patterns are naturally embedded within this
framework of strategic flexibility. While HGS represents a standardized behavioural endpoint,
neurobiological predictors in women and men exhibited great overlap but also distinct patterns. Rather
than implying divergent mechanisms of force generation, these patterns point to variability in how
systems spanning sensory integration, subcortical modulation, and cognitive-motivational control are
recruited. In an older population such as the present UKB cohort, sex potentially could mirror lifelong
differences in occupational exposure, physical activity, or psychosocial stressors. Such exposomic
factors may play a role in the recruitment of varying neural strategies for HGS execution. Within this
context, sex-specific predictive patterns likely reflect differences in the distribution of reliance across
redundant neural systems, rather than residual confounding or categorical biological divergence. That
these patterns in sex-stratified, age-adjusted models hints that they represent meaningful vriation in
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system-level organization rather than artefacts of scaling or peripheral confounding. HGS thus appears
to be supported by multiple viable neural configurations, whose relative weighting is shaped by an

individual’s lifelong biological and environmental context.

This heterogeneity has implications for vulnerability and decline. If HGS can be maintained
through diverse neural configurations, its decline may reflect failures in distinct circuit-level
components across individuals. HGS thus serves as a sensitive behavioral readout of individual
differences in neural integrity, indexing heterogeneous neurobiological liabilities rather than a uniform

pathway of degeneration.
6.3.3  Hand grip strength, aging, and the lifespan—healthspan gap

Understanding HGS as a marker of distributed neural scaffolding provides an explanation for
its remarkable predictive power across diverse health outcomes. Strong grip strength may reflect
preserved structural integrity on the one hand and on the other hand mirror the capacity to compensate
for emerging neural degradation through efficient signal and process rerouting. For example, subcortical
and cerebellar involvement, including sex-specific contributions of pontocerebellar afferents (middle
cerebellar peduncle (MCP) in study 3), aligns with theories of neural compensation in aging, where
increased reliance on subcortical circuits supports stable motor output in the presence of degradation of
CST integrity and M1 excitability (Noble et al., 2011). A high ability for rerouting and compensation is
also benefitial in impaired motor system conditions such as post-stroke. There, for example both, up-
regulation of subcortical systems after cortical stroke (Ejaz et al., 2018) as well as higher recruitment of
secondary motor networks after subcortical stroke (N. S. Ward et al., 2006) could be observed. Although
such strategies do not necessarily lead to successful compensation and restoration of function (e.g.
unwished mirror movements), they do highlight the flexibility of the motor system for reorganization.
The reason for HGS serving as such a verstile marker in health and disease may therfore be that it reflects
the system’s ability for compensation and rerouting. By relying on wide-ranging structural (tract)
integrity that likely supports signal integration across systems, HGS becomes sensitive to vulnerability
across functional neuronal domains. Recruitment of extra-motor systems as found in study 3 aligns with
broad evidence that motor behaviour in general and HGS in particular includes the recruitment of extra-
motor structures and networks both in healthy subjects and in motor recovery, for example after stroke
(Guo et al., 2017; Johnson et al., 2017; Lam et al., 2018; Mattos et al., 2023; Park et al., 2011; Rezaei
et al., 2025). More specifically, previous research has found that motor and cognitive processes develop,
interact and decline bidirectionally across the lifespan (Basile & Sardella, 2021) and that physical fitness
interventions possibly improve cognition and delay dementia onset (Ahlskog et al., 2011; Berryman et
al., 2013; Guiney & Machado, 2013; Guo et al., 2017; Voelcker-Rehage & Niemann, 2013). Together
this provides plausible explanations why HGS, albeit a simple motor measure, is predictive not only of
physical decline and frailty but also cognitive decline and general morbidity. It supports the

conceptualization of HGS as a system-level readout.
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Age-related alterations of HGS further highlight its potential for the lifespan-healthspan
challenge. Neuromodulatory alterations, vascular burden, and the vulnerability of long-range white
matter tracts can contribute to declining HGS with aging, often beginning in midlife before overt motor
or cognitive impairments. Evidence from longitudinal studies for example shows that midlife HGS
predicts functional limitations decades later (Rantanen et al., 1999), suggesting that HGS captures early
neural vulnerability, not only late-stage disability. By elucidating the distributed neural predictors of
HGS, study 3 provides explanatory insights for this preditive capacity and suggests that those neural
markers may allow even earlier identification of individual risk. The specific neuronal contributors to
HGS thereby have the opportunitiy to be more informative than diffuse global markers such as WMHs,
thanks to their higher specificity and sub-group informativeness. In the context of increasing lifespans
without proportional extensions in healthspan, HGS already functions as a versatile marker at the
behavioural level. Extending this utility, the identified specific and integrative underlying neuronal
structures and systems, sensitive to early biological aging, can offer potential for individually and

systemically targeted and earlier diagnoses, interventions and lifestyle adaptations.

6.4 Limitations, implications, and future directions

The findings in this thesis should be interpreted within the constraints imposed by the underlying
data and design. All analyses were conducted in the UKB. While offering unprecedented access to large
sample sizes, restrictions apply due to volunteer bias, survivor effects, and our focus of analyses of a
healthy, geographically restricted sub-population, effecting variance in health-related traits and limit
generalizability to clinical, more vulnerable and generally more diverse populations. After validation
and evaluation in a CV scheme, predictive models were used on previously held-out and hence unseen
data. In future work it will be interesting to evaluate predictions and interpretaitons on an external non-
UKB cohort. Additionally, moderate predictive performances require caution about neurobiological
interpretations as all interpretations only explain model behaviour in the realm of low explained variance
(H. Chen et al., 2020; J. Chen, Ooi, et al., 2023). While causal inference tools were used for confounder
selection and justification for study 3 as promoted in study 2, the observational nature of the data and
associative nature of the used machine learning setup preclude any causal interpretation of results in

study 3.

Despite contraints, the insights gained in this thesis carry several implications and motivate
future directions. Methodologcially, they underscore the opportunities for neurobiological insights when
combining considerate data-driven methodology with theoretic domain knowledge, for confounder
handling but also beyond, especially given the highly confounded and low neuronal signal-to-noise
ratios in neuroimaging based predictive modelling. Coneptually, the findings support the
conceptualization of HGS not as a peripheral motor measure, but as a behavioural index of distributed
but specific neural integrity, integrating motor, cognitive, motivational, and neuromodulatory systems.

This persepctive helps explain its robust association with aging- and impariment related outcomes and
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positions HGS as a low-cost, scalable marker of biological resilience. By identifying specific neural
systems that constrain HGS, this thesis further suggests that grip strength may serve not only as a
screening tool but also as a window into the brain’s global communication architecture, with potential
relevance for early risk stratification and longitudinal monitoring. Future research using longitudinal
and multi-measure designs (e.g. integration of vascular, metabolic, hormonal and inflammatory
markers) should evaluate whether these HGS-linked neural signatures serve as leading indicators with

higher prognostic and interventional value than the behavioural measure itself.

6.5 Conclusion

This thesis characterizes the system-level neural architecture underlying HGS and embeds it
within a framework for brain-behaviour predictive modelling in large-scale observational neuroimaging.
By integrating critical evaluations of methodological challenges, practical solutions for confounder
selection and justification, and multi-modal neuroimaging application, the work demonstrates that
robust neuroscientific insights require a combination of data- and theory-driven paradigms,
underscoring that concerns such as low predictive performance, confounding, and feature
multicollinearities must be handled as inferential constraints rather than as technical afterthoughts.
Findings indicate that (1) inappropriately designed predictive models can obscure neural meaning by
privileging demographic or peripheral correlates, whereas causally-informed deconfounding and
multicollinearity-aware model explanation enable interpretable extraction of neural signal; and (2) when
these conditions are met, HGS is best understood as an emergent readout of distributed but specific
signal transmission and integration across white matter pathways and subcortical control systems, rather
than as a localized cortical motor output. HGS thus reflects the integrity and compensatory capacity of
large-scale neural communication architectures, providing parsimonious explanation for its robust
associations with aging. Related decline, cognition, and mortality. Yet, open questions remain regarding
the temporal evolution, modifiability, and cross-cohort generalization of these neural signatures. As
population neuroscience continues to advance through larger, more diverse samples and multimodal
integration, the methodological and conceptual synthesis presented here offers a scalable framework for
extracting biologically meaningful insight from complex brain-behaviour relationships and for situating

simple behavioural phenotypes, such as HGS, as windows into organismal resilience across the lifespan.
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1. Methods

1.1. Data and pre-processing

For our example predictions we used data of the 1% scanning session (ses-2) of the UK Biobank', recorded at
three different sites in the UK (Cheadle, Reading, Newcastle). The exact protocol and acquisition parameters
of the structural imaging can be found in Miller et al. (2016). The structural pre-processing was carried out
by pipelines developed and run by the UKB?.

For the Grey Matter Volume (GMV) features 41,180 T1-weighted pre-processed images were
retrieved from UKB and converted into a DataLad® dataset for provenance tracking with subsequent
computations of voxel-based morphometry (CAT 12.7 (default settings); MNI152 space; 1.5mm isotropic)’.
We extracted the parcel-wise GMV as the winsorized mean (limits 10%) of the voxel-wise values per parcel
using the cortical Schaefer et al. (2018)° atlas (1000 ROIs), subcortical Tian et al. (2020)" (S4 3T) and
cerebellar Diedrichsen et al. (2009)* (SUIT space) atlas.

All non-imaging variables, including the exemplarily target Hand Grip Strength (HGS) and the
investigated example confounders were obtained directly from the UK Biobank’. We chose HGS as a robust,
objective and reliable target'®"? to avoid further conceptual problems oftentimes coming along with more
latent variables as targets, such as intelligence or executive functioning measures'®. Healthy subjects were
(rather conservatively) defined by excluding the ICD-10 criteria chapters F, G and 160 to 169, which excludes
subjects with a history of mental and behavioural disorders, diseases of the nervous system or with a
cerebrovascular disease. All NaN values and outliers larger than the 4" standard deviation were removed from
the non-imaging data. Additionally, the HGS was averaged over left and right hand and there was a check for
balance of sex distributions in the HGS.

1.2. Modelling

10% of the data were set apart to be used as a locked test set for a related project and left untouched for this
project. The remaining 90% of the data were split into a training (0.8) and test (0.2) set. Learning algorithms
were fitted on the training set by using a cross-validation (CV) scheme. The CV on the training set served to
control for the fitting behaviour (e.g. overfitting) of the model and to get an impression of the generalization
error. A final estimator, retrained on the entire training set (using root mean squared error; RMSE) was
eventually used to make the predictions on the initially held-out test set. These predictions were used to report
and visualize the predictive performances. All applied splits were stratified for binned age, binned HGS (2
bins) and sex (as either defined in the NHS central registry or self-reported). Within the CV scheme, continuous
features were z-scored (mean of zero and unit variance). We used a (stratified) 5-fold strategy with one
repetition for the CV. We scored the CV using RMSE, mean absolute error (MAE), coefficient of
determination (R?), Pearson’s r and Spearman’s r. The confound removal was applied within the CV to avoid
data leakage. Therein, for each feature, a linear regression was fit using the confounds as independent variables
and the features as dependent variables. The new, confound-free features were calculated as the residuals of
the fitted linear regression (original features minus predicted/fitted features).

1.3. Algorithms, sample sizes and statistical evaluation

The example predictions of HGS from GMYV with no confounder adjustment (vanilla model) or adjustment for
muscle mass and sex as confounders as illustrated in Fig. 1b (main manuscript) was performed using scikit-
learn’s" linear support vector regression (SVR) with a squared epsilon insensitive loss (L2) and a heuristically
calculated hyperparameter C (C = ———~——— '%). This heuristic C value was calculated in a CV consistent
%Z?:l features?
manner, i.e. it was calculated only on the training data within the respective fold of the CV. Due to using a
heuristic estimate of the hyperparameter C, no nested CV setup was necessary for hyper parameter
optimization.

To have comparable models between the unadjusted vanilla model and the confounder adjusted model,
sample sizes were matched to the variable with the least amount of subjects measured at ses-2, which was
2



muscle mass (operationalized through UKB’s variable tofal lean mass). This resulted in the shown out-of-
sample predictions being performed on N=3620 (Niuain = 2606, Niest = 652) subjects. The 5-fold CV was
previously performed on the Niain = 2606 subjects.

All correlations were calculated on these same N=3620 subjects. Parcel-wise correlations between
parcellated GMV and HGS, parcellated GMV and muscle mass as well as HGS and muscle mass (all
continuous variables) were calculated using Pearson’s r (Fig. lc, Fig. 2 bottom, main manuscript). All
correlations including sex were calculated using point-biserial correlation coefficient to account for the discrete
nature of this variable.

1.4. Code availability

Custom code generated for this project was made publicly available in a GitHub repository. The repository
contains further detailed information on used python packages (and versions), code execution and necessary
steps for replication of computations.



10.

11.

12.

13.

14.

15.

16.

References

Sudlow C, Gallacher J, Allen N, et al. UK Biobank: An Open Access Resource for Identifying the Causes
of a Wide Range of Complex Diseases of Middle and Old Age. PLOS Med. 2015;12(3):e1001779.
doi:10.1371/journal.pmed. 1001779

Miller KL, Alfaro-Almagro F, Bangerter NK, et al. Multimodal population brain imaging in the UK
Biobank prospective epidemiological study. Nat Neurosci. 2016;19(11):1523-1536. doi:10.1038/nn.4393

Alfaro-Almagro F, Jenkinson M, Bangerter NK, et al. Image processing and Quality Control for the first
10,000 brain imaging datasets from UK Biobank. Neurolmage. 2018;166:400-424.
doi:10.1016/j.neuroimage.2017.10.034

Halchenko YO, Meyer K, Poldrack B, et al. Datal.ad: distributed system for joint management of code,
data, and their relationship. J Open Source Softw. 2021;6(63):3262. doi:10.21105/joss.03262

Wagner AS, Waite LK, Wierzba M, et al. FAIRly big: A framework for computationally reproducible
processing of large-scale data. :25.

Schaefer A, Kong R, Gordon EM, et al. Local-Global Parcellation of the Human Cerebral Cortex from
Intrinsic Functional Connectivity MRI. Cereb Cortex.2018;28(9):3095-3114. doi:10.1093/cercor/bhx179

Tian Y, Margulies DS, Breakspear M, Zalesky A. Topographic organization of the human subcortex
unveiled with functional connectivity gradients. Nat Neurosci. 2020;23(11):1421-1432.
doi:10.1038/s41593-020-00711-6

Diedrichsen J, Balsters JH, Flavell J, Cussans E, Ramnani N. A probabilistic MR atlas of the human
cerebellum. Neurolmage. 2009;46(1):39-46. doi:10.1016/j.neuroimage.2009.01.045

Brandes N, Linial N, Linial M. PWAS: proteome-wide association study—Ilinking genes and phenotypes
by functional variation in proteins. Genome Biol. 2020;21(1):173. doi:10.1186/s13059-020-02089-x

Alonso AC, Ribeiro SM, Luna NMS, et al. Association between handgrip strength, balance, and knee
flexion/extension strength in older adults. Sergi G, ed. PLOS ONE. 2018;13(6):¢0198185.
doi:10.1371/journal.pone.0198185

Bobos P, Nazari G, Lu Z, MacDermid JC. Measurement Properties of the Hand Grip Strength Assessment:
A Systematic Review With Meta-analysis. Arch Phys Med Rehabil. 2020;101(3):553-565.
doi:10.1016/j.apmr.2019.10.183

Bohannon RW, Schaubert KL. Test-retest reliability of grip-strength measures obtained over a 12-week
interval from community-dwelling elders. J Hand Ther. 2005;18(4):426-428.

Reuter SE, Massy-Westropp N, Evans AM. Reliability and validity of indices of hand-grip strength and
endurance: EVALUATION OF GRIP STRENGTH AND ENDURANCE. Aust Occup Ther J.
2011;58(2):82-87. doi:10.1111/7.1440-1630.2010.00888.x

Gell M, Eickhoff SB, Omidvarnia A, et al. How measurement noise limits the accuracy of brain-behaviour
predictions. Nat Commun. 2024;15(1):10678.

Pedregosa F, Varoquaux G, Gramfort A, et al. Scikit-learn: Machine learning in python. J Mach Learn
Res. 2011;12:2825-2830.

R: Fast Heuristics For The Estimation Of the C Constant Of A... Accessed December 9, 2022.
https://search.r-project.org/CR AN/refmans/LiblineaR/html/heuristicC.html



Supplementary materials

Supplementary methods

1. Theoretical identification of confounding pathways and deconfounders
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S-Fig. 1 | DAG for deconfounder selection.

2. Empirical justification of confounding variables and CV results for discarded
adjustment scenarios
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3. Empirical justification for choice of sex-split subsamples
a residual predictability with XGBoost after linear sex-adjustment
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Supplementary results

1. Statistical model comparisons

1.1 Friedmann omnisbus-test results

Table 1. Test statistics from Friedmann omnibus test per sex, and metric. Degrees of
freedom originate from the number of comapred models with positive R?.

sex metric chisquare p-value
female R2 chisquare(21, N=10)=18.76 | 0.02
Pearson r chisquare(21, N=10)=14.41 | 0.10
Spearman r chisquare(21, N=10)=17.10 | 0.04
MAE chisquare(21, N=10)=18.87 | 0.02
RMSE chisquare(21, N=10)=9.27 0.41
male R2 chisquare(23, N=10)=15.14 | 0.08
, N=10)=15.41 | 0.08
, N=10)=21.68 | 0.01
, N=10)=38.94 | 1.18e-05
, N=10)=39.18 | 1.07e-05

Pearson r chisquare

Spearman r chisquare

MAE chisquare
RMSE chisquare

(
(
(
(
(
(23
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1.2 Nemenyi post-hoc pairwise comparisons
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S-Fig. 4 | Nemenyi post-hoc pairwise comparisons of model performances
(women). Cell-wise harmonic mean over p-values of the five model evaluation error



metrics (R2, pearson r, spearman r, mean absolute error, root mean squared error)
on each of which the Nemenyi post-hoc comparison was performed. Green indicates
p < 0.05.
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S-Fig. 5 | Nemenyi post-hoc pairwise comparisons of model performances
(men). Cell-wise harmonic mean over p-values of the five model evaluation error
metrics (R2, pearson r, spearman r, mean absolute error, root mean squared error)
on each of which the Nemenyi post-hoc comparison was performed. Green indicates
p < 0.05.

2. Model ranking

2.1 Average ranking per model over metrics and folds
Female

Table 2. Average ranking per model over metrics and folds (women) and cross-
metric harmonic mean of p-values of statistical performance difference with top
(reference) model (Note: not significant means that the model performed statistically
not distinguishably well from the top model, i.e. the model is as good as the top
model). Green: not-significantly worse performing than top model. Orange: top
(reference) model. Blue: Best performing algorithm per brain feature group.

Model

Average ranking

Pharm-value with best

All modalities — xgboost

4.14

1.00

GM, fALFF, WM — xgboost

4.46

0.90




WM-TI — xgboost 6.04 0.90
WM-TI — rf 6.78 0.90
All modalities — rf 7.58 0.90
GM, fALFF, WM — rf 7.84 0.90
WM-TI — svr 8.58 0.90
fALFF - xgboost 9.72 0.71
fALFF - rf 11.18 0.31
GMV - xgboost 11.38 0.03
All modalities - ridge 11.68 0.45
GM, fALFF, WM - ridge 12.80 0.14
WM-TI - ridge 13.04 0.05
GMV — rf 13.18 < 0.001
WM-TI — lin. svr (L2) 13.92 0.01
fALFF —ridge 13.98 < 0.001
GWC —rf 14.34 < 0.001
GWC - svr 14.48 < 0.001
WM-TI — svr 15.18 < 0.001
LCOR —rf 16.16 < 0.001
Surface - svr 18.24 < 0.001
Surface - ridge 18.30 < 0.001
Male

Table 3. Average ranking per model over metrics and folds (men) and cross-metric
harmonic mean of p-values of statistical performance difference with top (reference)
model (Note: not significant means that the model performed statistically not
distinguishably well from the top model, i.e. the model is as good as the top model).
Green: not-significantly worse performing than top model. Orange: top (reference)
model. Blue: Best performing algorithm per brain feature group.

Model Average ranking Pharm-vValue with best
All modalities — xgboost 3.86 1.00
GM, fALFF, WM — xgboost | 4.18 0.90
GM, fALFF, WM — rf 6.94 0.90
All modalities — rf 7.76 0.90
WM-TI — rf 8.12 0.81
WM-TI — xgboost 8.36 0.80




GMV -xgboost 8.44 0.90
fALFF -xgboost 9.36 0.87
GMV - rf 9.54 0.80
WM-TI — svr 10.50 0.81
fALFF — rf 11.66 0.30
All modalities - ridge 12.80 0.27
GM, fALFF, WM -ridge 13.66 0.06
LCOR - xgboost 13.96 0.02
fALFF - ridge 14.08 0.01
GM, fALFF, WM - svr 15.54 < 0.001
WM-TI - ridge 16.10 0.02
LCOR -ridge 16.34 < 0.001
GWC - svr 16.80 < 0.001
WM-TI —lin. SVR (L2) 17.20 < 0.001
GMV -ridge 17.50 < 0.001
CT —svr 18.20 < 0.001
GCOR - rf 18.78 < 0.001
WMH & PSMD - svr 20.32 < 0.001

3. OOS prediction of winning models

Table 4. Hyperparameters used for final OOS winning models (all XGBoost).

Used HPOs
Model sex learning | max | min child X sub-
14 rate depth weight sample
All female 0 0.01 6 100 2 0.5
modalities
- xgboost male 0 0.01 6 100 1.5 0.5
GM, female 0 0.01 6 150 2 0.5
fALFF,
WM - male 0 0.01 6 100 1 0.5
xgboost
WM-T] - | female 0 0.005 6 100 2 1
xgboost [ male 0 0.005 10 200 1.5 1
fALFF - |Female| O 0.01 100 1 0.5
xgboost [ male 0 0.01 150 1.5 0.5
female 0 0.01 100 1 0.5




GMV -
comv | male | 0 0.005 | 10 200 15 1
Grid
0. | 0.005, 100,150, | 1.
01 1001002 |%19 200300 |152]| 951

4. Most important clusters — male (corresponding to Fig. 3c females)
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S-Fig. 6 | Top 23 most important feature clusters of the male subpopulation
model. The scatter plot shows the mean absolute Owen value across all features of
the clusetr per subject. The brain plots show the mean absolute Owen value per

feature of each cluster across subjects (global explanation), ranging from 3.4e-4 to

7.3e-3 across all clusters. For the WM-T]I feature group, the same tract could appear
multiple times per cluster with a different measure, so that all measures are
displayed with their respective value. Cortical GMV clusters were sorted into 3 major
macro-systems. WM-TI: White Matter Tract Integrity, GMV: Gray Matter Volume,



MO: Diffusion Tensor Mode, OD: Orientation Dispersion, MD: Mean Diffusivity,
ISOVF: Isotropic Volume Fraction, FA: Fractional Anisotropy

5. Owen-feature-feature interactions — male (corresponding to Fig. 3d females)




a Owen-feature-feature interactions (most important feature per cluster) - male
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S-Fig. 7 | Interaction of each cluster’s top feature’s Owen value with its feature
value and the feature value of the most relevantly interacting feature to derive



directionality of feature-importance. y-axis: Top feature’s Owen value, x-axis: Top
feature’s feature value, feature beneath cluster name: most relevant interacting
feature, colour: feature value of the interacting feature. Indent brain plots show the
top feature within its cluster as shown in S-Fig. 6. WM-TI: White Matter Tract
Integrity, GMV: Gray Matter Volume, MO: Diffusion Tensor Mode, OD: Orientation
Dispersion, MD: Mean Diffusivity, ISOVF: Isotropic Volume Fraction, FA: Fractional
Anisotropy, ICVF: Intra-Cellular Volume Fraction, Ih: left hemisphere, rh: right
hemisphere.



