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Abstract

Functional Magnetic Resonance Imaging (fMRI), particularly at ultra-high-field strengths such as

7-Tesla (7T), has revolutionized neuroscience by enabling detailed exploration of the human brain’s

functional architecture. This thesis leverages the advanced spatial resolution of 7T-fMRI to investigate

the sensorimotor cortex, focusing on age-related changes and disease-specific alterations associated

with Amyotrophic Lateral Sclerosis (ALS). While the unprecedented resolution of 7T-fMRI allows

for the analysis of fine-grained features, such as cortical columns and laminar structures, the high

dimensionality and complexity of the data necessitate sophisticated analytical methods.

This work employs 7 T task-based fMRI with advanced multivariate techniques, including Robust

Shared Response Modeling (rSRM), Columnar Shared Response Modeling (C-SRM) (introduced as

a novel method), and Partial Least Squares Regression (PLSR), to address the challenges posed by

high-dimensional fMRI data. SRM and C-SRM are utilized to align functional data across participants

and examine fine-scale neural organization, particularly at the columnar level, while PLSR links

neural activity to clinical and behavioral outcomes. These approaches enable the identification of

both shared and individual-specific neural patterns, offering a nuanced understanding of functional

changes in the sensorimotor cortex.

In the context of aging, rSRM and C-SRM show that the hierarchical layout of Brodmann areas

(BA) 3b → 1 → 2 is preserved in older adults, yet digit representations become less precise. In BA1,

the optimal number of functional columns drops relative to young adults, indicating enlarged, less se-

lective columns; while BA3b remains stable. These findings reveal a subtle dedifferentiation—blurred

maps but an intact hierarchy—consistent with compensatory pooling of sensory inputs.

In ALS, rSRM combined with PLSR distinguishes patients from controls with high accuracy

based on task-evoked BOLD patterns. Connectivity-derived latent variables outperform activation

maps in clustering disease onset site and staging, and they exhibit an atopographic signature: foot

and face regions of MI track progression regardless of the initial symptom locus. The data suggest an

early, network-wide hyper-connective compensation that collapses as degeneration advances.

Together, these results validate advanced alignment and dimensionality-reduction strategies for

extracting fine grained insights from 7 T data. They establish enlarged columns as a fingerprint of

healthy ageing and identify network-level connectivity markers for ALS staging—outcomes that



xiv

can guide larger multicentre, multimodal studies and inform therapeutic efforts aimed at preserving

sensorimotor function across the lifespan and in neurodegenerative disease.
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Chapter 1

Overview

1.1 Thesis Rationale

Understanding how the human sensorimotor system reorganizes in response to aging and neurode-

generation remains a central question in cognitive and clinical neuroscience. Over the past decades,

numerous structural and functional imaging studies have provided insights into age- and disease-

related alterations in the brain [58, 57, 71]. Structural magnetic resonance imaging (MRI) findings

have consistently documented cortical thinning, changes in gyrification, and white matter degeneration

across both normal aging and neurodegenerative disorders such as Amyotrophic Lateral Sclerosis

(ALS) [58, 105, 22]. Functional imaging, predominantly using resting-state functional-MRI (fMRI),

has further revealed disruptions in large-scale brain networks, including the sensorimotor, default

mode, and frontoparietal systems [97, 98, 104]. These findings have significantly advanced theoretical

models of dedifferentiation, compensation, and network-level reorganization in aging and disease.

However, a major limitation in the current literature is the predominance of resting-state func-

tional imaging, which—although valuable for capturing intrinsic connectivity—lacks the spatial

and temporal specificity to probe how specific sensorimotor processes are affected. Resting-state

paradigms often conflate task-irrelevant fluctuations with meaningful reorganization, and they cannot

directly capture how the brain responds to external stimuli or performs motor/sensory tasks. This is

particularly limiting when studying fine-grained somatotopic representations and dynamic functional

responses, which are crucial for understanding subtle sensorimotor dysfunction. For example, a study

[87] focused on the functional characterization of the motor cortex, found that the sensitivities of

resting-state and task-based fMRI were comparable, but with a good spatial correspondence with the

task-based fMRI activity estimates.This suggests that task-based fMRI may be more sensitive to the

specific functional organization of the sensorimotor system, as it directly engages the neural circuits

involved in sensory and motor processing.
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In light of this gap, the present thesis aims to directly investigate sensorimotor cortical function in

aging and ALS by leveraging task-based fMRI at ultra-high-field (UHF) (7 Tesla (T)). By moving

beyond passive resting scans to active task paradigms, this approach enables assessment of how

neural circuits respond during actual motor and sensory behavior, providing more direct insight into

sensorimotor processing deficits. Specifically, a set of simple sensorimotor tasks is employed to

engage multiple aspects of the sensorimotor system, including tactile processing and motor execution,

in two separate studies. This allows for a more nuanced understanding of how aging and ALS affect

the organization and dynamics of sensorimotor networks.

UHF fMRI offers unprecedented spatial resolution and sensitivity for mapping the human sen-

sorimotor system [42]. At 7T, neural representations can be resolved at a mesoscopic scale that

remains blurred at lower field strengths. For example, high-resolution 7T fMRI can delineate separate

representations for individual fingers within primary somatosensory cortex (SI) [90, 57, 106, 49]

and has even revealed columnar patterns of tactile input processing in area 3b of SI [39, 110]. This

fine-grained imaging capability is critical for detecting subtle somatotopic reorganizations or losses of

specificity that may accompany aging and early neurodegeneration [42].

While UHF imaging dramatically enhances spatial resolution, it also introduces analytical

challenges (i.e.with great detail comes great complexity). The 7T datasets are exceedingly high-

dimensional (due to smaller voxels and larger image matrices) and can suffer from increased physio-

logical noise and variability. For instance, physiological fluctuations and motion artifacts contribute

substantially to signal variance at 7T [81], and inter-subject differences in functional connectivity

patterns can become more pronounced at higher field strength [50]. Extracting meaningful information

from such complex data therefore requires advanced multivariate analysis techniques. Accordingly,

this thesis applies sophisticated multivariate methods to the 7T fMRI results to improve sensitivity to

distributed activation patterns and subtle changes that might evade conventional univariate analyses

[96]. By combining UHF imaging with robust data-driven analytics, the work aims to achieve a more

nuanced characterization of sensorimotor cortical dysfunction in aging and ALS. This rationale thus

lays the foundation for the specific aims and hypotheses addressed in the following section.

1.2 Thesis Aims and Hypotheses

Building on the above motivation, the central aim of this thesis is to combine UHF (7T) fMRI

with advanced multivariate analysis techniques in order to deepen our understanding of fine-grained

sensorimotor cortical organization and how it is altered by both healthy aging and ALS. In particular,

the work seeks to develop and apply novel analytical methods to 7T fMRI datasets to characterize

fine-scale sensorimotor maps and their changes in aging and disease. By linking these cutting-edge
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tools with key neuroscientific questions, this research demonstrates how high-resolution imaging

coupled with tailored data analysis can reveal new insights into sensorimotor function and improve

the detection of meaningful neural patterns amid complex, high-dimensional data.

To address this aim, a series of specific hypotheses were formulated, focusing on how aging and

ALS affect sensorimotor representations and what analytical approaches can best capture these effects

:

1. Study 1: Aging in Somatosensory Cortex

• H1: Aging diminishes representational precision of digit maps in SI. Older adults will

display less distinct, more diffuse digit representations in Brodmann Areas (BA) 1 and

3b compared to younger adults, due to the age-related decline in inhibitory processing of

tactile inputs.

• H2: Aging widens columnar-scale organization in SI. Older adults will engage fewer cor-

tical columns for each digit’s representation, exhibiting broader tuning that is consistent

across BA1 and BA3b.

• H3: Robust Shared Response Modeling (rSRM) enhances inter-subject comparisons

over conventional preprocessing. rSRM will outperform anatomical alignment in digit

classification accuracy across age groups, especially in BA1 and BA3b, with reduced

Euclidean distances between neighboring digit representations in older adults.

2. Study 2: ALS-Related Functional Disruptions

• H4: (a)ALS patients are distinguishable from healthy controls by sensorimotor activity

patterns, (b)led by the first-affected region. rSRM-based classification will separate

ALS patients from healthy controls, with the initial affected region yielding the highest

classification scores.

• H5: Connectivity outperforms activation in Modeling ALS severity. Connectivity matrices

in ALS patients will correlate more strongly with ALSFRS-R scores than activation

patterns assessed using PLSR.

These hypotheses drive the experimental studies in later chapters. Chapter 4 focuses on healthy

aging, employing high-resolution 7T fMRI with rSRM and columnar-SRM (C-SRM) analyses to test

H1–H3 by examining age-related changes SI digit maps and columnar organization. Chapter 5 is

devoted to ALS, using Partial Least Squares Regression (PLSR) and connectivity analyses to test

H4–H5 by comparing patients and controls and linking brain measures to clinical scores. Together,

these studies illustrate the power of advanced multivariate methods in leveraging 7T-fMRI’s spatial
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detail to reveal sensorimotor cortical alterations in aging and disease. In the next chapter, we detail

the theoretical background and methodological frameworks that underlie these experiments, before

presenting the results of the aging (Chapter 4) and ALS (Chapter 5) studies.

1.3 Organization and Contribution of the Thesis

Following this introduction, the thesis is organized into several chapters, each addressing a specific set

of questions and collectively advancing the overarching aim. Chapter 2 provides a broad literature

review of the sensorimotor system and its perturbations in aging and ALS. It covers the anatomical

and functional organization of primary sensorimotor cortices, surveys known age-related changes

in sensorimotor function, and reviews the neuropathology and prior imaging findings in ALS. This

background establishes the context and rationale for the subsequent experimental work. Chapter 3
then introduces the methodological frameworks employed in this thesis. In particular, it details the

multivariate analysis techniques – notably the Shared Response Model (SRM) and PLSR – that are

applied to the 7T fMRI data. By explaining these tools, Chapter 3 provides the necessary foundation

for understanding how we handle the high-dimensional neural data. Chapter 4 presents the first

empirical study, focusing on healthy aging. Using high-resolution 7T fMRI in combination with

SRM and a novel columnar-SRM approach, this chapter investigates how aging affects fine-grained SI

representations (testing H1–H3). Chapter 5 is devoted to the ALS study, examining how functional

brain measures relate to clinical state in ALS. Here, PLSR and connectivity analyses are used to

test H4–H5, evaluating whether brain connectivity changes serve as biomarkers of ALS severity.

Chapter 6 concludes the thesis with a general discussion, synthesizing the findings from both studies,

considering their theoretical and clinical implications, and outlining directions for future research.

Overall, each chapter contributes a vital piece to the dissertation’s goal of mapping and understanding

age- and ALS-related changes in the sensorimotor cortex with advanced 7T-fMRI analytics.



Chapter 2

General Introduction

2.1 Sensorimotor System : Primary Somatosensory(SI) and

Motor Cortex(MI)

The execution and perception of movement in humans rely fundamentally on the tightly integrated

functions of the SI and the primary motor cortex (MI). These two critical cortical regions are situated

on opposing banks of the central sulcus: SI resides in the postcentral gyrus of the parietal lobe, while

MI occupies the precentral gyrus in the frontal lobe [74]. A defining characteristic of both areas

is their striking somatotopic organization, famously depicted by the sensory and motor homunculi

(Figure 2.1), which represent the body’s surface and musculature across the cortical sheet [47]. This

mapping is not a simple reflection of physical size; instead, the cortical territory allocated to a body

part is proportional to the density of its sensory innervation (in SI) or the precision of its motor control

(in MI). Consequently, areas like the hands, fingers, lips, and tongue command disproportionately large

cortical representations due to their functional significance in fine manipulation and communication

[74].

Anatomically, SI is subdivided into BA3a, BA3b, BA1, and BA2, each receiving specific thalamic

inputs and contributing to a detailed somatosensory map. Area 3b is a primary tactile receiving

area, while BA3a is more responsive to proprioception. Areas 1 and 2 process higher-order features

like texture, size, and shape [47, 43]. These subdivisions are arranged in parallel, creating multiple

representations of the body within SI. MI (BA-4) is characterized by large Betz cells in layer V,

which project directly to spinal motor neurons. While famously mapped via stimulation, the motor

map exhibits more overlap and distributed networks than often portrayed, particularly for complex

movements [74]. The functional integration of SI and MI is further facilitated by shared inputs
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Figure 2.1 Schematic representation of the sensorimotor system illustrating the key neural structures
and pathways involved in voluntary movement and sensory processing. The primary motor cortex
(MI, blue) sends motor commands via descending pathways to the spinal cord, controlling muscle
activity. Sensory feedback from muscles and skin travels through ascending pathways to the primary
somatosensory cortex (SI, red). Basal ganglia, thalamus and cerebellum form parallel processing
hubs that refine both descending motor commands and ascending sensory feedback (green). The
homunculus diagram (at the top) illustrates the somatotopic organization of SI and MI, where adjacent
body parts are represented in a topographically ordered manner1.

from secondary cortical areas and thalamic nuclei, ensuring continuous information flow crucial for

sensorimotor function.

2.2 Impact of Aging on Sensorimotor Function

Normal aging brings small but cumulative changes that weaken touch and movement control. Older

adults routinely report higher detection thresholds, slower manual tasks, and less steady grip. MRI

work links these behavioural shifts to gradual cortical thinning in frontal and parietal lobes, in-

1Figure:2.1 is generated using Biorender [https://app.biorender.com].

https://app.biorender.com/
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cluding the hand zones of SI and MI [31]. Thinner cortex is one sign of broader micro-structural

change—dendritic loss, reduced myelination, and altered neurotransmission—that can erode the sharp

borders of the somatotopic maps that support fine motor skills.

A recurring finding is representational dedifferentiation: digit or limb maps that are clear and

separate in young adults begin to blur together with age [23, 57]. Much of this blurring is traced to

declining inhibition. Spectroscopy and paired-pulse TMS show that GABA levels and short-interval

intracortical inhibition drop after mid-life [76, 116]. With fewer inhibitory brakes, excitation spreads

more easily, producing broader receptive fields and weaker surround inhibition—one finger stimulus

leaks into neighbouring digit columns [86]. The sensory consequence is poorer tactile acuity; the

motor consequence is less precise muscle recruitment and, at times, unwanted co-contractions [38].

Brain-wide activity patterns also shift. Task-based fMRI reveals that older adults often co-

activate homologous regions in the opposite hemisphere or engage extra premotor and parietal

areas—behaviour captured by the HAROLD model of reduced lateralisation [10]. Resting-state work

adds that connectivity within the sensorimotor network can either lose specificity or become globally

stronger, indicating network-level reorganisation [83].

Data used later in this thesis echo these trends (used in Chapter 4). A recently published study

using population receptive-field (PRF) mapping shows that finger-map amplitude and surface area in

SI are largely preserved with age, yet the fingerprints of individual digits overlap more than in youth.

The smaller distance between index and middle-finger representations (D2–D3) correlates with poorer

tactile individuation but, interestingly, with steadier gross grip [57]. These results hint that some

dedifferentiation may be compensatory, trading fine precision for broader, more robust motor output.

In short, aging tilts the excitation–inhibition balance, flattens somatotopic detail, and reshapes

network interactions in SI and MI. These baseline changes are important for two reasons. First,

they frame the hypotheses tested in Study 1. Second, they set a reference against which the more

aggressive cortical disruption seen in ALS (next section) can be evaluated. Quantifying such subtle

age effects demands both high-resolution imaging and analytic tools that can detect distributed pattern

changes—methods introduced in the next chapter on methodological frameworks.

2.3 Cortical Changes in Amyotrophic Lateral Sclerosis

(ALS)

ALS is a neurodegenerative disease primarily affecting the motor system, distinguished by the

progressive loss of upper motor neurons (UMN) in the MI and lower motor neurons (LMN) in the

brainstem and spinal cord. While the defining clinical feature of ALS is muscle weakness and atrophy

due to motor neuron death, there is growing recognition that ALS involves widespread cortical
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changes, even beyond the motor strip. In the cortex, one prominent finding in ALS patients is cortical

thinning, particularly of MI and adjacent frontal regions. High-resolution structural MRI studies report

that ALS patients exhibit significantly reduced thickness of the precentral gyrus (where MI resides)

compared to age-matched controls [18]. This thinning reflects underlying neuropathology such as loss

of large pyramidal neurons (e.g., Betz cells) and their axons, as well as dendritic retraction and gliosis.

Notably, cortical atrophy in ALS is not uniform: the degree of MI atrophy can correlate with the

extent of upper motor neuron signs clinically, and some studies find additional thinning in premotor,

temporal, or even parietal areas as the disease advances [2]. These structural changes underscore

that ALS, though traditionally viewed as a pure motor neuron disease, has a cortical signature of

neurodegeneration.

Beyond structural atrophy, cortical hyperexcitability has emerged as an important pathophys-

iological hallmark of ALS. Even at early or pre-symptomatic stages, patients show evidence of

increased cortical excitability and reduced inhibition in Transcranial Magnetic Stimulation (TMS)

studies [73, 108, 102]. For example, ALS patients often have a shortened cortical silent period

and reduced motor threshold, indicating that their motor cortex neurons are more easily excited.

This hyperexcitability is thought to result from a combination of mechanisms: degeneration of

inhibitory interneurons, changes in glutamate neurotransmission and uptake, and altered intrinsic

excitability of surviving neurons [108, 113]. In essence, as ALS progresses, the delicate balance

of excitation/inhibition in the motor cortex tilts towards unchecked excitation, which may drive

further neuronal damage through excitotoxicity. Clinically, markers of cortical hyperexcitability have

predictive value: they often precede the onset of overt motor symptoms and have been associated with

faster disease progression [72, 108]. This supports the “dying-forward” hypothesis, which posits that

ALS pathology might start in the motor cortex (upper motor neurons) and then propagate downstream

[72, 27].

Functional and connectivity changes accompany these structural and excitability alterations.

Disrupted functional connectivity within sensorimotor networks is frequently reported in ALS. Para-

doxically, many neuroimaging studies have observed increased functional connectivity (sometimes

termed hyperconnectivity) in the brains of ALS patients, both in motor networks and across distributed

networks [1, 16]. Using fMRI and electroencephalogram (EEG), researchers have found that ALS

patients can show stronger synchrony between MI and other cortical regions at rest compared to

controls, possibly due to loss of normal inhibitory modulation [66, 61]. Two not mutually exclusive

interpretations exist: one is that the brain is recruiting additional regions (e.g., adjacent premotor

or contralateral motor areas) to compensate for the failing MI; another is that reduced inhibitory

control leads to a pathological increase in correlated activity (i.e., desynchronized inhibition allows

normally independent regions to fluctuate together) [108]. In motor tasks, ALS patients often exhibit

an abnormal activation pattern, such as excessive activation of secondary motor areas and diffuse
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patterns that likely reflect compensatory effort to perform movements with a compromised motor

system. Over the course of ALS, connectivity studies suggest a progression: early in the disease,

increases in connectivity are observed (due to disinhibition or compensation), but in later stages, as

neurons and connections are lost, connectivity may eventually drop [104].

Together, these structural and functional shifts paint ALS as an accelerated, more destructive ver-

sion of the age-related changes outlined earlier: inhibition collapses, maps loosen, and networks rewire,

but here the process is rapid and ultimately degenerative. Quantifying this progression—especially

the early hyper-excitable stage targeted in Study 2—requires the spatial detail of 7T MRI and analysis

methods that can detect subtle shifts in MI activation and connectivity.

2.4 7T MRI for Fine-Scale Cortical Mapping

UHF MRI at 7T offers significant advantages for studying the fine-scale organization of the cerebral

cortex, making it ideal for investigating subtle changes in SI and MI. The substantially increased

signal-to-noise ratio (SNR) at 7T compared to 3T [100] allows for acquiring images with higher

spatial resolution (below 1 mm3), approaching the scale of cortical layers and columns. This is crucial

for resolving detailed somatotopic maps and visualizing thin cortical structures with less partial

volume averaging [100, 18, 109].

7T also enhances blood-oxygenation-level-dependent (BOLD) contrast-to-noise ratio, providing

greater sensitivity and potentially better spatial specificity for functional activation detection, less

affected by large draining veins [109]. This enables the differentiation of signals from superficial

versus deep cortical layers using specialized sequences, offering insights into cortical circuit dynamics

previously inaccessible at lower fields [39, 40].

Further advantages include improved MR spectroscopy for quantifying neurotransmitters like

GABA and glutamate with greater accuracy [116], and enhanced visualization of cortical myeloarchi-

tecture using quantitative imaging, potentially revealing sublayers or demyelination [55, 57, 24, 71].

Faster imaging or multi-band techniques at 7T also allow high-resolution whole-brain coverage with

sufficient temporal resolution. While technical challenges exist (e.g., artifacts, field inhomogeneities),

methodological advancements have largely mitigated these for cortical imaging. Thus, 7T MRI

acts as a magnifying lens, enabling mesoscopic-scale study of the sensorimotor system crucial for

characterizing age and disease effects.

In the context of this thesis, the choice of 7T MRI is motivated by the need to detect fine and

potentially subtle changes in cortical organization that occur with aging and ALS. The higher fidelity

images from 7T provide greater power to observe differences in cortical thickness, map delineation,

and activation magnitude that might escape detection at lower field strengths. In essence, 7T acts
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as a magnifying lens on the cortex, allowing us to study the sensorimotor system’s architecture and

function at a mesoscopic scale. This capability is key for precisely characterizing how aging and

disease modify the brain, as it enables us to see where and how cortical representations are shifting or

degrading.

2.5 Challenges in High-Dimensional Neuroimaging Data

The leap to higher-resolution and multi-faceted neuroimaging data (such as those obtained at 7T)

brings with it a significant challenge: the curse of dimensionality. Modern MRI datasets can contain

hundreds of thousands of voxels per brain volume, with each voxel time course serving as a separate

feature in functional analyses. When combined with multiple subjects, conditions, or imaging

modalities, the data space becomes overwhelmingly large. Traditional univariate analysis approaches

in fMRI—examining each voxel independently with statistical tests—face limitations in such contexts.

Not only do univariate tests suffer from heavy corrections for multiple comparisons (increasing

the risk of false negatives), they also ignore the multivariate structure of the data that could carry

important information (for example, patterns across voxels that collectively distinguish conditions

even if single voxels do not). Moreover, in studies of aging or ALS, the inter-subject variability in

functional anatomy can be high, meaning the exact location of a functional area or the extent of

cortical thinning differs across individuals. Standard group analyses that rely on one-to-one voxel

correspondence (after stereotaxic normalization) may fail to capture homologous signals if fine-scale

features are misaligned between subjects.

Another analytical hurdle is integrating complex data types and finding meaningful lower-

dimensional representations of the data. High-dimensional neuroimaging data are noisy and often

collinear, which makes straightforward application of regression or classification techniques problem-

atic due to overfitting. In our case, we are not only dealing with high spatial dimensionality, but also

potentially multiple conditions (e.g., different task stimuli, multiple finger movements) and multiple

subject groups (young vs. old, or healthy vs. ALS). Making sense of such rich data requires methods

that can reduce dimensionality while preserving the essence of the signals of interest. It also requires

approaches to align data across subjects in a way that does not rely purely on anatomical correspon-

dence, since anatomy alone may not guarantee functional correspondence at a sub-millimeter scale

[37].

To address these challenges, researchers have increasingly turned to multivariate analysis tech-

niques and sophisticated statistical learning methods. Rather than examine each feature in isolation,

multivariate methods consider the simultaneous relationship between all features, capturing distributed

patterns that correspond to cognitive or disease states. These methods can discover latent variables or
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components that summarize the data, often improving SNR by leveraging covariance patterns. In the

context of this thesis, two such approaches have been implemented: the SRM and PLSR. Each tackles

a different aspect of the high-dimensional data problem discussed in the next chapter (Chapter 3).

In summary, this chapter has identified the major theoretical and methodological challenges: aging

and ALS likely induce subtle, distributed changes in sensorimotor brain function, and detecting these

requires both ultra-high-resolution data (to see the changes) and multivariate analysis (to interpret

them). The following chapter turns to the tools that will meet these challenges – introducing how we

align data across subjects and how we relate neural patterns to external variables, thereby connecting

the “what” and “why” from this literature review to the “how” of our experimental approach.





Chapter 3

Methodological Frameworks

3.1 Multivariate Analysis in Neuroimaging

The previous chapter ended with a central problem: modern 7T fMRI delivers millions of voxel-wise

measurements per participant, yet the neural effects we care about—age-related shifts in SI or ALS-

driven changes in MI—are subtle and spatially distributed. Mass-univariate statistics struggle in this

setting: they ignore the covariance structure of the data, require heavy multiple-comparison correction,

and can miss patterns that emerge only when voxels are considered together. What we need, therefore,

are methods that (i) compress the data into a few informative dimensions, (ii) align those dimensions

across subjects, and (iii) link them to behaviour or clinical state.

Multivariate analysis meets these requirements by treating each brain volume as a pattern rather

than a collection of independent voxels. Instead of asking whether, voxel ‘X’ is different between

groups, we ask whether, a pattern ‘P’-a weighted combination of many voxels—distinguishes groups

or predicts an external measure [36, 68]. Because the analysis lives in pattern space, it is naturally

more sensitive to weak, distributed signals and far less vulnerable to the curse of dimensionality.

By modeling covariation across voxels or selecting informative combinations of voxels, multivari-

ate methods can capture distributed signals that are too subtle to detect univariately [35, 64]. In this

view, brain activation is characterized by patterns (vectors) in a high-dimensional voxel space [35].

Classical Multivariate Techniques

Several foundational techniques exemplify these ideas. Principal Component Analysis (PCA) rotates

the data into orthogonal axes that capture the greatest variance, letting fMRI time-series be summarised

by a few spatial or temporal components [93, 62]. Independent Component Analysis (ICA) adds

a statistical twist: it extracts spatial maps that are maximally independent, separating functional
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networks from noise and revealing resting-state systems without prior models [64]. Both PCA and

ICA are often used as feature-extraction steps—retain the strongest components or voxels, then carry

those lower-dimensional features into further tests [35, 45].

Multivoxel Pattern Analysis (MVPA) moves to supervised learning. Each multi-voxel pattern is an

observation; classifiers or regressors ask whether two conditions have reliably different “fingerprints.”

Early work showed that ventral-temporal patterns discriminate object categories [35], and searchlight

MVPA now outperforms univariate maps when signals are weak but widespread [12].

Importantly, PCA/ICA/MVPA laid the groundwork for more sophisticated multivariate models.

They demonstrated the power of learning low-dimensional representations of brain activity. For

instance, PCA/ICA showed that brain-wide covariance can be summarized by a few components, and

MVPA showed that these components can predict experimental conditions.

This set the stage for group and multimodal extensions of multivariate analysis with two key

takeaways : (i) information in fMRI is often spread across many voxels, and (ii) reducing that

high-dimensional space to a handful of latent patterns increases power and interpretability.

Keeping these principles in mind, we now turn to two specific multivariate methods that will

be used in this thesis: SRM and PLSR. These methods are designed to address the challenges of

high-dimensional fMRI data, particularly in the context of 7T imaging, where spatial resolution is

high but inter-subject variability is also pronounced.

3.2 Shared Response Modeling for Ultra-High-Field Neu-

roimaging

UHF 7T neuroimaging offers unparalleled spatial resolution, enabling the study of fine-scale func-

tional structures like cortical layers and columns—key to understanding processes like aging and

neurodegeneration, as outlined in Chapter 2. Yet this very high resolution amplifies challenges,

particularly the substantial anatomical and functional variability between individuals. Even after

standard anatomical registration, two different brains may not align at the level of fine-grained func-

tional organization. Traditional approaches like heavy spatial smoothing or averaging across subjects

risk blurring or erasing the very fine-scale details that make 7T data valuable [68]. In other words,

conventional inter-subject alignment can fail to capture subtle somatotopic shifts or columnar patterns,

prompting the need for methods that perform functional alignment rather than relying solely on

anatomy.

SRM addresses this need by aligning subject-specific fMRI data at the functional level, seeking a

common representational space that each brain’s data can be projected into [36, 15]. Conceptually,

SRM builds on the idea that a common time-varying stimulus (e.g. a repeated tactile stimulation
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sequence) will evoke shared neural response patterns across individuals, even if the exact voxel

responses differ due to idiosyncratic anatomy or functional layout. The goal is to find a set of

latent features that capture the stimulus-driven variance shared by all subjects, while separating out

subject-specific activity. This approach is akin to prior “hyperalignment” method proposed by Haxby

and colleagues [34, 37, 15], which also compute a transformation of individuals’ fMRI data into a

common high-dimensional space where corresponding dimensions reflect analogous neural signals

across brains. By performing such functional alignment, SRM preserves fine-grained information

(since minimal or no spatial smoothing is needed) and improves across-subject correspondence of

neural representations.

Mathematically, SRM assumes each subject’s data can be factorized into a set of k shared latent

time courses and subject-specific spatial weights. Let Xi ∈ Rv×d denote the fMRI data matrix for

subject i, where v is the number of voxels and d the number of time points. SRM seeks a shared feature

space of dimension k (with k ≪ v) and subject-specific basis matrices that project each subject’s data

into that space. The procedure involves three main steps:

1. Learn subject-specific bases: For each subject i, estimate a basis matrix Wi ∈ Rv×k that maps

that subject’s voxel space to a k-dimensional latent feature space. In practice, Wi can be thought

of as k spatial maps (one per latent feature) for subject i. Applying the basis to the data gives

W⊤
i Xi, a k×d representation of subject i’s data in the latent space.

2. Derive the shared response: Combine the projected data from all subjects to identify a single

k×d matrix S (the “shared response”) that captures temporal patterns common to everyone.

S can be viewed as k time courses (one per latent feature) that are common across subjects.

Intuitively, while each subject’s original time series Xi is different, after projection by Wi the

resulting time series W⊤
i Xi should all approximately match S.

3. Apply to new data: For a new subject or a new dataset X ′
i , project it into the learned shared

space using that subject’s basis: S′i =W⊤
i X ′

i . This yields a representation S′i in the common

space, which can then be used for further analysis (e.g. cross-subject comparisons or machine

learning). In effect, any individual’s data (even data not used to train the model) can be aligned

into the shared feature space via its Wi.

In summary, SRM finds a set of subject-specific linear transformations Wi and a shared time-series

matrix S such that Xi ≈WiS for all subjects i. Equivalently, one can write the data of subject i as:

Xi =WiS+Ei,

where:

Wi ∈ Rv×k, S ∈ Rk×d , Ei ∈ Rv×d .
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Figure 3.1 Illustration of the shared response framework. The observed fMRI time-series can be
viewed as a linear combination of shared latent time courses (S) weighted by subject-specific bases
(Wi).

where Ei is residual subject-specific activity not captured by the shared response. The Wi and S are

optimized (often iteratively) to maximize the across-subject correlation or alignment in the latent space.

By modeling each Xi as the sum of a reconstructed shared response (WiS) and individual-specific

residual Ei, SRM explicitly separates stimulus-driven common signals from idiosyncratic noise or

other effects. The optimization problem can be expressed as:

min
Wi,S

m

∑
i=1

∥Xi −WiS∥2
F subject to W⊤

i Wi = Ik.

An alternating optimization updates S and Wi until convergence. Once trained, new data X ′
i are

projected into the shared space via S′ =W⊤
i X ′

i . Crucially, this is achieved without needing to average

or blur data across brains; alignment happens in feature space, thus preserving the fine spatial

granularity of each subject’s 7T data.

Figure 3.1 illustrates the SRM framework. Each subject’s observed fMRI time series is modeled

as a linear combination of a set of shared latent time courses (S) weighted by that subject’s basis Wi.

Through SRM, the latent features in S come to represent functionally corresponding activity patterns

across subjects (e.g. a particular latent feature might correspond to a specific finger’s stimulation
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response in SI for all individuals, even if the exact voxel pattern differs per person). As a result, data

can be aggregated or directly compared in the shared feature space, greatly facilitating group analyses

of high-dimensional data.

Several variants of SRM have been proposed to address specific challenges and to tailor the

alignment to different use cases. For example, Robust SRM (rSRM) includes regularization to reduce

the influence of noisy or outlier voxels, thereby improving reliability when some subjects’ data are

particularly noisy [99]. Connectivity SRM (cSRM) aligns not raw fMRI responses but functional

connectivity patterns, which can be useful if one is more interested in network correspondence than

stimulus-locked time courses [67]. Columnar SRM (C-SRM) is designed for sub-millimeter fMRI,

aiming to align data at the level of cortical columns (critical for 7T studies focusing on cortical

microstructure) [45]. Searchlight SRM (sSRM) applies SRM in a local, searchlight fashion to capture

regionally localized shared structure [114]. These adaptations are valuable for 7T data where retaining

precise spatial detail is paramount—each variant makes trade-offs between sensitivity to shared signals

and specificity to fine-scale anatomy.

It is important to acknowledge the limitations of SRM as well. First, SRM (in its basic form) is a

linear method: each subject’s data is assumed to be a linear transform of the shared features. Nonlinear

differences between individuals’ functional organization (for example, idiosyncratic distortions of

representational geometry) may not be fully corrected by a linear alignment. Extending SRM with

nonlinear mappings (e.g. via kernel methods or neural network mappings) is a potential future

direction to capture more complex correspondences.

Second, SRM requires that subjects share the same time-locked stimulus or task events. If

individual subjects respond to different stimuli or if timing is misaligned, the model cannot find a

common S. This means SRM is best suited for experiments with a common protocol (as in our case);

it is less applicable to resting-state data unless one uses a variant like cSRM for connectivity patterns.

Third, SRM’s focus on shared variance means that individual-specific signals are pushed into the

residual Ei and essentially ignored. If those idiosyncratic patterns are of interest (for example, unique

compensatory activations in older adults), SRM alone will not analyze them. One must either examine

the residuals separately or use complementary methods. Despite these limitations, SRM provides a

powerful framework for functional alignment. Some of these concerns were mitigated by using the

robust variant (to handle noise) and by validating that SRM alignment actually improves the ability to

decode and interpret the data (for example, using Support Vector Machine (SVM) based classification

as a validation step). In summary, SRM offers a principled way to align high-dimensional fMRI data

across individuals, preserving the fine detail of 7T imaging and laying a foundation for group-level

analyses that are sensitive to subtle neural representation changes.

In this thesis, rSRM is applied to facilitate cross-subject comparisons in the somatosensory aging

experiment (in Chapter 4). By preserving fine-scale details and aligning variable datasets, SRM not
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only overcomes key limitations of traditional approaches but also sets the stage for complementary

methods like PLSR. The next section explores PLSR, which builds on SRM’s aligned representations

to link neural patterns with behavioral and clinical outcomes, further advancing our understanding of

brain function in health and disease.

3.3 Partial Least Squares Regression for Linking Neural

Activity to Behavior

While SRM aligns high-dimensional fMRI data across subjects to uncover shared neural responses,

PLSR offers a distinct approach by relating neural activity directly to external variables such as

behavioral or clinical measures. Originally developed in the fields of econometrics and chemometrics,

PLS methods were introduced to neuroimaging by McIntosh and colleagues as a way to uncover

relationships between brain data and experimental design or performance measures [63, 51]. In

essence, PLSR asks: what patterns in the brain data X best predict or correspond to changes in an

outcome measure Y ? Here X might be a matrix of fMRI measures (e.g. voxel activation levels, or

connectivity metrics) and Y could be a vector or matrix of behavioral scores, clinical ratings, or

experimental variables.

Intuitively, each PLS component can be thought of as a weighted combination of voxels (for X)

that is most strongly correlated with a weighted combination of behavioral/clinical variables (Y ). By

finding these coupled weight vectors, PLSR effectively filters the data to isolate brain patterns that are

most relevant to the behavior of interest. A critical advantage of this approach is that it can handle

situations where X has many more variables than observations (e.g. tens of thousands of voxels but

only dozens of subjects). Rather than trying to fit thousands of independent univariate models or

risking overfit by including all voxels in a single massive regression, PLSR reduces the problem to a

smaller set of components. These components capture the major covariation trends, thus improving

statistical power and interpretability.

In the context of neuroimaging, PLSR has been successfully used to identify distributed neural

patterns linked to cognitive performance, to differentiate patient groups based on brain-behavior

correlations, and to relate connectivity patterns to clinical symptoms. Importantly, unlike purely

predictive machine learning approaches, PLSR yields a bi-directional mapping: one can project the

brain data to obtain component scores, but also project the latent components back into the original

voxel space to visualize the spatial pattern associated with a particular brain–behavior mode. This

means the results of PLSR can be interpreted in terms of brain regions—e.g., a map of voxel weights

indicating which areas contribute most to a component that tracks symptom severity. In summary,

PLSR provides a balance between dimensionality reduction and interpretability: it finds compact
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representations of the data that are maximally behaviorally relevant, and those representations can be

translated back into brain images.

To illustrate how PLSR works, consider an application in this thesis: an analysis of patients with

ALS. Here, we have brain imaging data X (for example, measures of functional connectivity between

motor regions, or activation levels during a task) and clinical ratings Y (e.g. the ALS Functional

Rating Scale Revised (ALSFRS-R), which quantifies disease severity). PLSR will seek a set of

latent variables such that, say, the first latent variable captures the pattern of brain connectivity that

covaries most with ALSFRS-R scores across individuals. In practical terms, PLSR might find that

a connectivity pattern involving MI and brainstem nuclei strongly tracks patients’ motor scores:

patients with weaker connectivity in that network have worse clinical scores. This would emerge as

a first PLS component with high weights on those connections and a corresponding weight on the

ALSFRS-R variable. Subsequent components would capture remaining covariance (for example, a

second component might relate a different network or perhaps an activation pattern to another clinical

measure), each orthogonal to the previous ones. By testing these components’ significance (through

cross-validation) we can ensure the findings are robust.

Figure 3.2 depicts the PLSR framework in a neuroimaging context. The high-dimensional brain

data matrix X is decomposed into latent variables (weighted combinations of voxels) that best predict

the external variables in Y . This process yields pairs of latent components: one in the brain data space

and one in the behavioral space, which are maximally correlated. For example, one such pair might

be “component 1: widespread frontal and parietal activation increase” in X paired with “component

1: high cognitive score” in Y , indicating that subjects with that activation pattern tend to have better

cognitive performance.

Formally, if X is an n× p matrix (e.g. n subjects, p voxel features) and Y is n× q (e.g. q

behavioral measures), PLSR finds weight vectors wx (length p) and wy (length q) such that the

projections u = Xwx and v = Y wy have maximal covariance. These u and v are the scores for the first

latent component in each domain. After extracting this component, residual covariance is analyzed

to find the next component, and so on, typically up to a number of components that explain most

covariance but not beyond what the data can support (to avoid overfitting). Notably, if Y is univariate

(one outcome measure), PLSR reduces to finding components of X that best predict that measure,

somewhat analogous to a multivariate regression but with the benefit of dimensionality reduction. If Y

contains multiple measures, PLSR finds common components influencing all of them. This flexibility

makes PLSR a powerful technique for exploring complex brain-behavior datasets [63].

In this thesis, PLSR is used in the ALS study (Chapter 5) to uncover patterns of brain activity

and connectivity that relate to disease severity. Specifically, we apply PLSR in two ways: (1) to find

spatial patterns of functional activation (during motor tasks) that correlate with patients’ ALSFRS-R

scores, and (2) to find network connectivity patterns that correlate with ALSFRS-R. This allows us to
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Figure 3.2 Illustration of the PLSR framework. Brain data (X) are decomposed into latent variables
that best predict behavior/clinical variables (Y ).

test H5, which posits that connectivity patterns might be more sensitive indicators of ALS progression

than activation magnitudes. By using PLSR, we can directly compare which domain (activation vs

connectivity) yields a stronger brain–clinical correlation. Moreover, PLSR’s latent variables provide a

convenient summary: for each subject, a single PLS component score can summarize “disease-related

brain pattern expression,” which can then be compared or tracked.

In conclusion, the methodological frameworks presented in this chapter – SRM (with its variants)

and PLSR – equip us to effectively analyze the multivariate 7T-fMRI data and to test the thesis

hypotheses. SRM will allow us to share information across subjects and isolate fine-scale common

patterns (crucial for evaluating H1–H4), while PLSR will allow us to link brain patterns to clinical

metrics (crucial for H5). Armed with these tools, we proceed in the next chapters to the empirical

studies of aging (Chapter 4) and ALS (Chapter 5), where we will apply SRM and PLSR to real data

and report the results in light of the hypotheses and literature discussed so far.



Chapter 4

Functional Changes in Aging

4.1 Introduction

Decoding tactile inputs in the somatosensory cortex is fundamental to sensory processing, with the

SI and secondary somatosensory cortex (SII) forming an interconnected network. SI, encompassing

BA 3 (subdivided into 3a and 3b), 1, and 2, acts as the primary hub, receiving direct thalamic input

that relays bodily sensory signals [43, 74]. Within SI, BA3b excels in fine touch discrimination

by processing the bulk of this input, BA1 integrates broader sensory patterns, and BA2 handles

higher-order perception [32, 54].

High-resolution 7T fMRI has illuminated SI’s voxel-level patterns and columnar organization,

achieving precise classification of finger-specific responses in younger adults [89]. SII, situated in

the parietal operculum, enhances this system by integrating bilateral inputs and supporting tactile

memory and learning, with projections to SI, the insula, and motor areas aiding sensory-motor

coordination [32]. These findings, detailed in Chapter 2, underscore SI’s role in maintaining distinct

tactile representations—critical for the precision targeted in this thesis.

Aging disrupts this organization, challenging neuroscience to unravel its implications. In older

adults, SI’s representational specificity decreases, with fMRI revealing less distinct digit activation

patterns, especially in BA3b, compared to younger cohorts [8, 84]. This decline manifests as increased

overlap between sensory maps—potentially from weakened inhibitory control, as adjacent finger

representations co-activate more often and reduced processing efficiency [7]. Reorganization, more

evident in BA3b due to its fine tactile role, may stem from signal compensatory shifts or precision

loss, impacting tactile acuity, sensory speed, and motor coordination [77]. Chapter 1’s hypotheses

(H1-H3) frame these changes as testable shifts in representational precision (H1) and columnar scale

(H2), necessitating high-resolution tools like 7T fMRI along with advanced multivariate analysis

approach to detect them (H3).
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Such subtle differences in SI digit topography are hard to discern individually but emerge through

group-level analysis, where aggregating data enhances statistical power. Yet, aligning high-resolution

7T fMRI across subjects is complex, traditional anatomical normalization and smoothing often

obscure fine-scale features like columnar units, undermining 7T’s strengths. Robust-SRM, introduced

briefly in Chapter 3, overcomes this by aligning responses in a low-dimensional shared space,

preserving variance while reducing noise. Here we extend rSRM with a columnar variant (C-SRM)

that systematically varies column width, allowing us to ask whether ageing widens the functional

“grain” of SI.

This chapter aims to:

1. Test H1 by assessing age-related shifts in finger-specific response precision across SI (BA3b,

BA1, BA2) and motor areas (BA4a, BA4p, BA6) using decoding accuracy.

2. Validate C-SRM for tactile finger differentiation, exploring how optimal columnar scales vary

between younger and older adults (tests H2).

3. Evaluate rSRM’s alignment superiority over conventional preprocessing in 7T fMRI, by

measuring classification performance (tests H3).

These objectives harness rSRM and C-SRM to reveal age-driven functional differences in SI,

tackling aggregation and dimensionality challenges (described in Chapter 2) in 7T fMRI. Focused on

tactile maps, this framework extends to other regions, complementing Chapter 5’s ALS study. The

following sections outline the experimental design, data acquisition, and analyses, testing H1-H3 to

clarify aging’s impact on SI’s architecture and its wider significance.

4.2 Population and Study Design

4.2.1 Participants

A total of 38 healthy participants were recruited for the study, divided into two age groups: younger

adults (n = 19, mean age 25 ± 0.49 years, range 21–29, 9 females) and older adults (n = 19, mean

age 72.2 ± 0.81 years, range 65–78, 9 females). Participants were recruited from the database of

the Deutsches Zentrum für Neurodegenerative Erkrankungen (DZNE) in Magdeburg, Germany. All

participants were screened for standard 7T-MRI exclusion criteria, including metallic implants, active

medical devices (e.g., pacemakers, neurostimulators), permanent makeup, tinnitus, or other hearing

impairments. Written informed consent was obtained before participation, and participants were

compensated for their time. The study was approved by the Ethics Committee of the Otto-von-

Guericke University Magdeburg.
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4.2.2 MRI Scanning Protocol

UHF-MRI data were acquired using a whole-body 7 Tesla Siemens MRI scanner (Siemens Healthcare,

Erlangen, Germany) equipped with a 32-channel Nova Medical head coil. The scanning protocol

began with the acquisition of a whole-brain MP2RAGE sequence with the following parameters:

voxel resolution of 0.7 mm isotropic, 240 slices, a field of view (FoV) of 224 mm, TR = 4800 ms,

TE = 2.01 ms, inversion times TI1/2 = 900/2750 ms, and GRAPPA acceleration factor of 2 in the

sagittal orientation. Shimming was performed prior to functional scans to optimize the magnetic field

homogeneity. Additionally, two echo-planar imaging (EPI) volumes with opposite phase-encoding

(PE) polarity were acquired to correct for geometric distortions.

Functional imaging was conducted using a gradient-echo EPI (GE-EPI) sequence with a voxel

resolution of 1 mm isotropic, FoV of 192 mm, TR = 2000 ms, TE = 22 ms, GRAPPA factor of 4,

interleaved acquisition, and 36 slices. This functional sequence was employed consistently across

all experimental tasks. On a separate day, structural MRI data were acquired using a Philips 3T

Achieva dStream MRI scanner at the in-house facility of the Leibniz Institute for Neurobiology

(LIN), Magdeburg. A standard structural 3D MPRAGE sequence was used, with the following

parameters: voxel resolution of 1.0 mm isotropic, TI = 650 ms, echo spacing = 6.6 ms, TE = 3.93

ms, flip angle = 10°, bandwidth = 130 Hz/pixel, FoV = 256 mm × 240 mm, slab thickness = 192

mm, and 128 slices.This scanning protocol provided high-resolution structural and functional data,

enabling the detailed analysis of fine-grained cortical features, particularly in the SI, while maintaining

compatibility across imaging modalities.

4.2.3 Stimulus and Experimental Design

Tactile stimulation was applied to individual fingers (D1–D5) of the right hand using an MR-

compatible piezoelectric stimulator (Quaerosys, Schotten, Germany). Five independently controlled

piezoelectric modules were used, each corresponding to one digit: D1 (thumb), D2 (index finger),

D3 (middle finger), D4 (ring finger), and D5 (little finger). During stimulation, participants lay

in the 7T-MRI scanner, with each fingertip secured to its respective module using a custom-built,

metal-free applicator. This applicator was designed for flexibility, allowing the modules to be adjusted

for individual hand and finger sizes to ensure precise positioning of the stimulator pins under each

fingertip. The stimulator array consisted of 8 pins arranged in a 2 × 4 layout along the proximo-distal

axis of the finger, covering a skin area of 2.5 × 9 mm² (see Figure 4.1A). Vibrotactile stimulation

was delivered at a frequency of 16 Hz, with only two pins activated at any given time to prevent

sensory adaptation [88]. The stimulation frequency followed a continuous sinusoidal pattern, and the

intensity was individually calibrated to 2.5 times the tactile detection threshold for each subject and
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finger. Detection thresholds were determined on a separate day, with younger adults showing a mean

threshold of 0.80 ± 0.04 g and older adults showing a threshold of 1.37 ± 0.07 g [57].

Cyclic Runs

The experimental protocol included two cyclic runs, each consisting of 20 cycles with a duration of

25.6 seconds per cycle. In each cycle, each fingertip received 5.12 seconds of stimulation in sequence,

repeated 20 times. Stimulation was applied either in a forward order (D1 to D5) or a reverse order

(D5 to D1), randomized across participants and age groups to balance any potential order effects.

Each run consisted of 256 scans (TR = 2 seconds), lasting a total of 8 minutes and 31 seconds, with a

1-minute rest period between runs. Cyclic designs have been shown to be particularly effective for

detecting precise topographic maps of finger representations in BA3b [48, 53].

Random-Design Runs

Two random-design runs were included as localizers for defining regions of interest (ROIs) for

decoding analyses in the cyclic runs. In these runs, each of the five fingers was stimulated for 5.12

seconds, similar to the cyclic design, but the stimulation order followed a pseudo-random sequence.

This ensured that no finger was stimulated more than twice consecutively. Rest intervals of 2 seconds

(70% of trials) or 6 seconds (30% of trials) were interspersed between stimulations. Each finger was

stimulated 10 times per run, with each run lasting 6 minutes and 56 seconds (210 scans). Random

designs are ideal as localizers since they eliminate bias from stimulation order [48]. The experimental

design is illustrated in Figure 4.1.

Additional Considerations

To ensure participants remained attentive during the experiment, small 180 ms gaps were randomly

introduced into the 5.12-second stimulation intervals. Participants were instructed to count the number

of gaps in each block and verbally report their count after each run. These gaps were pseudo-randomly

distributed to ensure each finger received an equal number of gaps throughout the experiment. This

task served as an additional measure to maintain participant focus on the tactile stimuli.

While the study primarily employed cyclic and random-design runs, including a cyclic design with

a different fixed stimulation order (e.g., D1, D3, D5, D2, D4) could have controlled for potential order

effects more comprehensively. However, due to the already lengthy scanning protocol, additional

functional blocks were not included.
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Figure 4.1 Experimental Design Overview. This figure illustrates the experimental setup used
in the 7T-MRI study. (A) A piezoelectric stimulator was employed to deliver controlled fingertip
stimulation. (B) The blue-highlighted region marks the location of the acquired slab image on an
example participant’s T1-weighted structural scan. (C) The rows represent different experimental
conditions: the first two rows correspond to cyclic-design paradigms (Forward: D1 to D5, Reverse:
D5 to D1), while the last two rows depict random-design paradigms. Each color represents stimulation
of a specific finger of the right hand, as indicated in (A). (Adapted from Kalyani et al. [45])

4.3 Methods

4.3.1 Preprocessing

The preprocessing pipeline for 7T fMRI data was designed to mitigate motion artifacts and geometric

distortions—prevalent challenges in UHF imaging while preserving the spatial resolution critical for

testing age-related changes in SI. The following steps ensured data quality for rSRM and C-SRM

analyses:

1. Distortion Correction: To counteract geometric distortions caused by participant movement

and magnetic field inhomogeneities, two EPI volumes with opposite phase-encoding (PE) polarity

were acquired before the functional scans. Distortion correction was performed using a point spread

function (PSF) mapping method, as described by [41]. This method corrects the geometric distortions

in both the forward and reverse PE datasets, creating distortion-corrected images for each polarity.

A weighted combination of the distortion-corrected images was then applied to maximize the

spatial information content in the final corrected images. This approach capitalizes on the differing

spatial information captured by the two opposite PE datasets, ensuring a high-fidelity representation

of the functional data.
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2. Motion Correction: To address motion artifacts, the EPI images from the functional blocks

were corrected for motion relative to the initial time point (t0 = 0). This step minimized the impact

of participant movement during the scan and ensured temporal consistency across the functional

volumes. Following motion correction, the extended PSF method was applied to the acquired and

motion-corrected images. This step provided geometrically accurate image reconstruction, further

enhancing the spatial integrity of the data, which is critical for for voxel-level decoding and columnar

modeling.

3. Slice Time Correction: To correct for temporal differences in slice acquisition during the

interleaved EPI sequence, slice-timing correction was performed using SPM8 (Statistical Parametric

Mapping, Wellcome Department of Imaging Neuroscience, University College London, UK)[4]. This

ensured that all slices within a volume were temporally aligned, facilitating accurate downstream

analyses.

The preprocessing pipeline effectively addressed the challenges posed by motion artifacts and

geometric distortions inherent to 7T MRI data acquisition. By combining advanced distortion

correction techniques with motion correction, slice-timing correction, and geometrically accurate

reconstruction, the final preprocessed data provided a robust foundation for subsequent multivariate

analyses. These preprocessing steps preserved the high spatial resolution of the UHF data, enabling

precise investigation of SI’s functional architecture across age groups, as detailed in the following

sections.

4.3.2 Decoding Analyses

To investigate tactile representations in SI, first-level fixed-effects models were computed per par-

ticipant using the General Linear Model (GLM) in SPM8. Two random-design runs modeled five

regressors for digits D1–D5, with linear contrasts (e.g., [4 -1 -1 -1 -1] for D1) estimating individ-

ual finger responses. No group alignment, smoothing, or normalization was applied, preserving

7T fMRI’s fine-scale resolution. This random-design dataset served as an independent localizer,

defining finger-specific ROIs, with its randomized stimulation sequence, optimizing individual digit

localization [107].

For rSRM analysis, a cyclic design ensured a consistent stimulation order (D1–D5) across

participants (as it requires a time locked stimulus to generate a shared representational space),

matching SI’s assumed topographic sequence. Forward and backward runs controlled for order effects,

while the random-design localizer identified significant voxels (500–3000 voxel thresholds, based on

the β maps) for decoding cyclic data. This approach, balanced statistical power and spatial specificity.
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ROI-based analyses targeted seven sensorimotor areas (BA1, BA2, BA3a, BA3b, BA4a, BA4p,

BA6) in the contralateral hemisphere (left, for right-hand stimulation), with the ipsilateral side as

a control. Freesurfer v.6.0.0 parcellated 3T MPRAGE structural data via “recon-all” [30],

co-registered manually with 7T EPI functional data (both 1 mm isotropic) using ITK-SNAP v.3.8

[112] and ANTs v.2.1 [5]. This precise alignment avoided morphological discrepancies, supporting

voxel-level decoding.

To maintain consistency and optimize decoding performance, the top 500 voxels were selected

for analysis from each ROI, as this number yielded the highest decoding accuracy across regions

and age groups. For columnar-based analyses, attention was directed toward the detailed functional

representations of somatosensory finger maps within BA1 and BA3b in the hemisphere contralateral

to stimulation. These analyses aimed to uncover fine-grained tactile representations while preserving

the spatial specificity provided by UHF imaging.

4.3.3 Robust Shared Response Modeling (rSRM)

Similar to SRM, rSRM aims to identify a shared, lower-dimensional representation of stimulus

responses across participants who are presented with the same stimulus during scanning (e.g., syn-

chronized finger stimulation). In addition to capturing the shared neural activity, rSRM also models

the individual components of brain responses that are not represented in the shared space. These

individual components encapsulate subject-specific variability, making rSRM a powerful tool for

detecting differences between individuals and groups.

The mathematical framework of rSRM represents the data from each subject as a combination of

a shared response, subject-specific mappings, and individual components. Let the data from the i-th

subject be denoted as Xi ∈RN×t , where N is the number of voxels and t is the number of scanned time

points. The shared response is represented by R ∈ RK×t , where K is the number of shared features.

Each subject has a subject-specific basis matrix Wi ∈ RN×K , which projects the shared response into

the subject’s voxel space. Additionally, an individual residual term Si ∈ RN×t captures variance that

is not shared across subjects. The data representation can be expressed as:

Xi = WiR+Si, i = 1, . . . ,m,

where m is the total number of subjects.

The shared response R is estimated such that it captures the variance common across subjects,

while the subject-specific basis matrices Wi and the individual residual terms Si allow for flexibility



28 Functional Changes in Aging

Figure 4.2 Framework of Robust Shared Response Modeling (rSRM) This figure illustrates the
step-by-step process of rSRM applied to fMRI data analysis. (A) Cyclic stimulation (D1–D5 or
D5–D1) ensures a common input structure, with Xi representing each subject’s voxel-wise BOLD
signal. (B) Subject-specific basis Wi (N voxels × K features) maps responses to a shared space.
(C) Shared response R (K × t) captures common neural activity. (D) Individual residual Si isolates
subject-specific variance not in R.(Reproduced from Kalyani et al. [45])

in representing individual variability. The residual term Si is particularly useful when inter-subject

variability is high, as it isolates this individual-specific information from the shared representation.

A key component of rSRM is the regularization parameter λi, which controls the sparsity of the

individual term Si. This parameter determines the balance between shared and individual components

in the model. In this study, the default value of λi = 1.0 was used, following the approach described

in [99].

Subsequent sections detail rSRM’s use in classifying age groups and digit-specific responses. The

shared response R drove these classifications, leveraging its robustness to inter-subject variability,

while individual residuals Si were excluded to focus on shared tactile representations rather than

subject-specific noise. This approach ensured that the classifier learned from the shared neural

activity, enhancing its ability to generalize across subjects and age groups. The rSRM framework for

leave-one-subject-out (LOSO) approach is illustrated in Figure 4.2.

0Figure:4.2 Reproduced from [45], with permission from Elsevier.
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Digit Classification Using rSRM

To decode finger-specific tactile responses and assess rSRM’s alignment capabilities, we employed

a two-step process integrating shared response modeling and classification, utilizing a LOSO cross-

validation framework for both stages (see Figure 4.3).

In the first step, rSRM estimated a shared response space across all but one subject (l) us-

ing data from the first cyclic run. For the m − 1 training subjects (i ∈ {1, . . . ,m} \ l), where

m = (19young,19old):

• A shared representation R ∈ RK×t captured common neural responses to cyclic D1–D5 stimu-

lation, with K as the number of shared features and t as the scanned time points.

• Subject-specific basis matrices Wi ∈ RN×K projected R into each subject’s voxel space, where

N denotes the number of voxels.

• Individual residual terms Si ∈ RN×t modeled variance unique to each subject, not represented

in the shared space.

During training, rSRM leveraged the cyclic design’s consistent sequence to identify patterns

shared across subjects. For the held-out subject (l), the basis matrix Wl and residual Sl were computed

using the trained R as a template. Test data from the second cyclic run were then transformed via Wl

into a reduced-dimensional shared response Rl ∈ RK×t . The residual Sl , reflecting subject-specific

variability, was excluded to focus on shared tactile representations. This LOSO process iterated across

all subjects and both runs, ensuring robust cross-validation aligned with H3’s objectives [99].

In the second step, a linear SVM was trained and tested on the Rl data. The LOSO framework

prevented test subject data from influencing the shared response estimation, maintaining independence

for unbiased performance evaluation. Each volume’s K-dimensional projection from Rl served as

input features, labeled by the stimulated digit (D1–D5). A one-vs-rest classification approach decoded

each digit against the others, with decoding accuracy and standard error derived from two-fold

cross-validation across cyclic runs and LOSO across subjects. This rigorous validation tested rSRM’s

ability to align high-resolution 7T fMRI data while preserving digit-specific precision. The digit

classification workflow is illustrated in Figure 4.3.

The achieved decoding accuracy served as an estimate of rSRM’s alignment capability under

different voxel selection methods, including BAs and columnar units. Digit classification was per-

formed separately for younger and older adults, resulting in two independent LOSO cross-validation

analyses. For ROI-based analyses, regions in BAs 1, 2, 3a, 3b, 4a, 4p, and 6 in the left hemisphere

(contralateral to right-hand stimulation) were analyzed, with the right hemisphere serving as a control.

The top 500 voxels from each ROI were selected for optimal decoding performance. The chance
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Figure 4.3 Analytical Workflow for Digit Classification Using rSRM: Training on m−1 subjects
the model learns the shared response R and subject-specific bases Wi from the first cyclic run. For the
held-out subject (l), Wl is estimated using R and their first-run data. Training subjects’ second-run
test data are projected into Ri via Wi, and the held-out subject’s second-run test data are projected
into Rl via Wl . An SVM then classifies digits from these shared responses, ensuring independence
via LOSO cross-validation. (Adapted from Chen et al. [15]).

accuracy (Ac(chance) = 0.2) reflected five-digit classification, and exceeding this threshold under-

scored rSRM’s effectiveness in aligning 7T fMRI data and decoding SI representations across both

age groups.

Age Group Classification Using rSRM

To classify participants into younger (Y ) and older (O) age groups and evaluate rSRM’s ability to

capture group-specific neural responses, we trained two distinct rSRM models—rSRM1 for younger

adults and rSRM2 for older adults—each utilizing K latent features to derive shared representations.

This approach, extending rSRM framework, generated Ryoung and Rold to reflect each group’s unique

SI tactile response patterns, supporting the focus on age-related representational differences across

the 19 younger and 19 older subjects.

For rSRM1, the first cyclic run data ([Yi]
train) from 17 younger subjects trained Ryoung, while for

rSRM2, [Oi]
train from 17 older subjects trained Rold. In each iteration, the 18th subject from each

group (e.g., (Yi, i = l) for younger, denoted lY ) had their first-run data ([Yl]
train) projected into both
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Ryoung and Rold to estimate Wyoung
lY and Wold

lY , with residuals (SY , SO) discarded. Their second-run

data ([Yl]
test) were transformed via these bases into Ryoung

yl and Rold
yl , iterated over 18 subjects per

group to build SVM training sets labeled “young” or “old” (green and red boxes in Figure 4.4). This

process leveraged rSRM’s alignment capabilities.

For each novel test subject (the 19th, denoted T ), their first-run ([T ]train) and second-run ([T ]test)

data were projected onto Ryoung and Rold using bases Wyoung
T and Wold

T , yielding [RT ]
young and [RT ]

old.

These were concatenated into feature vectors for a linear SVM. The SVM was trained on the 18-subject

projections and tested on each 19th subject within a leave-one-subject-out (LOSO) cross-validation

framework, iterating across all 38 subjects (19 per group). The test subject’s age group served as the

class label, and accuracies were averaged across iterations to assess rSRM’s performance, ensuring

test data independence from rSRM training [99]. Individual residuals were excluded to prioritize

group-specific shared responses, enhancing the SVM’s focus on age-related neural differences over

subject-specific variability.

4.3.4 Columnar-Shared Response Modeling (C-SRM)

The sensory and motor cortices can be segmented into columnar units, offering a framework to detect

fine-grained topographic maps with the high spatial precision of 7T fMRI. In this study, we aimed to

determine the optimal number of cortical columns required to decode sensory responses to passive

tactile stimulation of individual fingers (D1–D5) in younger and older adults, testing H2’s prediction

of age-related changes in columnar organization within SI. Given the 16 distinct pin combinations

per finger, the smallest functional unit may correspond to tactile representations of one or more pins

rather than a single finger, necessitating a columnar approach to capture these subtleties.

We targeted contralateral BA1 and BA3b (left hemisphere for right-hand stimulation), regions

known for detailed tactile representations, within the sensorimotor system. ROIs obtained from

Freesurfer were divided into approximately equi-volume columnar units ranging from 10 to 400,

with the maximum constrained by voxel size (1 mm isotropic). This segmentation was performed

using the LAYNII2 software package’s LN2_COLUMNS command [40], which generates columns based

on the middle gray matter segment derived from LN2_LAYERS. Structural-to-functional registration

aligned T1-MRI images with 7T EPI data, defining columns anatomically within BA1 and BA3b’s

gray matter for all participants across both cyclic runs.

Post-segmentation, the mean time-series values of thresholded voxels within each column were

computed, forming a columns-by-time matrix (Figure 4.5). This matrix, varying in column size

with the number of divisions (10 to 400), served as input for subsequent modeling. Leveraging

rSRM framework for digit classification, we trained C-SRM on this matrix within a cross-validation

framework [15]. To identify the optimal columnar configuration, linear SVM-based LOSO decoding
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Figure 4.4 Analytical Workflow for Age Classification Using rSRM:
During the “training phase”, separate rSRM pipelines are trained for younger (Y ) and older (O)
groups. Specifically, [Yi]

train and [Oi]
train denote the training runs for each subject i in the younger

and older cohorts, respectively, with (Yi, i = l) identifying the held-out (test) young subject. From
these data, group-specific shared representations (Ryoung and Rold) are derived, which in turn estimate
subject-specific bases (Wyoung

lY and Wold
lY ) for the held-out young subject. The test run [Yl]

test is then
projected into both Ryoung

yl and Rold
yl , iterated for all younger subjects to form the training set for the

SVM, labeled as “young” (in green box). A similar procedure applies to the older group (the red box).
During the “test phase”, a novel subject [T ]train, [T ]test is projected onto both the younger and older
bases, yielding [RT ]

young and [RT ]
old. Concatenating these representations produces the feature vectors

for an SVM that classifies the subject’s age group. This framework preserves subject individuality in
the training sets while discarding inter-subject variability through rSRM-based alignment.
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analyses were conducted across the range of columnar divisions, decoding D1–D5 responses iteratively

for each configuration.

Decoding accuracy was plotted against the number of columns, accompanied by standard devi-

ations, to assess C-SRM’s performance. A Gaussian curve was fitted to the accuracy values, with

its peak indicating the optimal columnar number maximizing functional feature capture in BA1

and BA3b. This approach estimated the average columnar size required to describe somatosensory

finger representations with peak accuracy, revealing age-related shifts in organization. These findings

enhance our understanding of cortical columnar structure and underscore C-SRM’s potential, for

analyzing fine-scale functional features in the somatosensory system using UHF data.

Figure 4.5 C-SRM and Iterative Classification in BA3b: Illustration of C-SRM in BA3b, showing
projections of 10 to 400 columns and volumetric views for 10, 60, and 110 columns. A schematic
depicts shared response space generation, averaging voxel time-responses within each column for two
run types (D1 → D5, D5 → D1). Iterative LOSO cross-validation classifies responses across column
numbers, identifying the optimal configuration for decoding. (Adapted from Kalyani et al. [45])
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4.3.5 Statistical Analyses

To evaluate the effects of age and ROI on digit classification accuracies derived from rSRM, we

conducted a two-way Analysis of Variance (ANOVA) with factors: age group (younger, older) and

ROIs (BA1, BA2, BA3a, BA3b, BA4a, BA4p, BA6) in the contralateral left hemisphere. This analysis

assessed the main effects of age and ROI, as well as their interaction, on digit decoding performance,

focusing on ROI-specific outcomes within the sensorimotor system. Significant main effects or

interactions identified by the ANOVA prompted post hoc independent-sample t-tests to pinpoint

specific group or regional differences, enhancing insights into age-related precision shifts.

Statistical tests were implemented in Python using the statsmodels package [91], with an alpha

level of p < 0.05 for significance. Post hoc t-tests isolated differences across age groups or ROIs,

providing a detailed breakdown of ANOVA results and supporting the decoding analyses results.

To further assess the robustness of both digit and age classification models, permutation tests

were performed. Target labels (digit identities or age groups) were randomly permuted to create

null datasets, which were compared against the actual classification accuracies. Resulting p-values

tested the null hypothesis that shared response features (R) are independent of these labels, validating

rSRM’s alignment efficacy and its sensitivity to tactile representations. This non-parametric approach

complemented the parametric ANOVA, ensuring a comprehensive evaluation across the 7T fMRI

dataset.

For the random-design localizer data, independent-sample t-tests analyzed Euclidean distances

between neighboring voxels in BA1 and BA3b, testing for significant increases along adjacent

voxel pairs. This analysis, applied to thresholded voxels, validated the representational precision of

neighboring activations, particularly relevant to decoding tasks and the fine-scale topography probed

by C-SRM.

This statistical framework—integrating two-way ANOVA, post hoc t-tests, permutation tests, and

voxel distance analyses—provided a rigorous assessment of digit and age classification models across

ROIs and age groups. By leveraging both parametric and non-parametric methods, it elucidated the

impacts of aging (H1) and functional topography (H2) on classification accuracy, while affirming

rSRM’s alignment robustness (H3) in the context of UHF 7T fMRI data.
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4.4 Results

4.4.1 Finger-Specific Decoding Across Age Groups and Sensorimotor
Regions

Somatosensory and motor cortices exhibit hierarchical encoding, with varying specificity to tactile

stimuli across regions, reflecting topographic organization. Using rSRM, we explored finger-specific

sensory representations in the contralateral left hemisphere (right-hand stimulation) across BA1, BA2,

BA3a, BA3b, BA4a, BA4p, and BA6, testing H1’s prediction of reduced precision in older adults and

H3’s validation of rSRM’s alignment efficacy. The ipsilateral right hemisphere, serving as a control,

showed decoding accuracies near chance (approximately 0.20) across all regions for both age groups,

confirming specificity to the contralateral side (see Figure 4.6 A).

In younger and older adults, BA1 and BA3b yielded the highest mean decoding accuracies (BA1:

younger, 0.46±0.12; older, 0.45±0.10; BA3b: younger, 0.47±0.12; older, 0.42±0.10), followed

by BA2 (younger, 0.43±0.09; older, 0.39±0.10), BA4a (younger, 0.36±0.08; older, 0.32±0.10),

and BA4p (younger, 0.35±0.09; older, 0.31±0.07). Lower accuracies emerged in BA6 (younger,

0.29± 0.06; older, 0.26± 0.06) and BA3a (younger, 0.32± 0.09; older, 0.24± 0.04) (Figure 4.6,

panel A). These results, derived from 7T fMRI data, align with prior evidence of precise topographic

finger maps in BA3b and BA1 for younger adults [89], extending this observation to older adults for

the first time.

A two-way ANOVA assessed the influence of age group (younger, older) and ROI (BA1, BA2,

BA3a, BA3b, BA4a, BA4p, BA6) on digit classification accuracies, revealing a significant main

effect of age (F(1) = 14.13, p = 2.12× 10−4), a significant main effect of ROI (F(6) = 27.78,

p= 2.17×10−25), and no significant age-ROI interaction (F(6)= 0.49, p= 0.815) (Figure 4.6, panels

B, C). The age effect indicated lower overall accuracies in older adults (mean: 0.34±0.10) compared

to younger adults (mean: 0.38±0.11), consistent with H1’s hypothesis of reduced representational

precision with aging.

Post hoc t-tests identified hierarchical differences. In BA3b, accuracies significantly exceeded

those in BA3a (t(74) = 7.52, p = 1.02× 10−10), BA4a (t(74) = 4.43, p = 3.16× 10−5), BA4p

(t(74) = 5.18, p = 1.87× 10−6), and BA6 (t(74) = 8.44, p = 1.93× 10−12). Similarly, BA1 out-

performed BA3a (t(74) = 8.09, p = 8.61× 10−12), BA4a (t(74) = 5.87, p = 3.02× 10−7), BA4p

(t(74) = 6.42, p = 9.15×10−8), and BA6 (t(74) = 9.16, p = 2.41×10−13). BA2 also showed higher

accuracies than BA4a (t(74) = 3.51, p = 7.68×10−4), BA4p (t(74) = 4.31, p = 5.02×10−5), and

BA6 (t(74) = 7.94, p = 1.66× 10−11) (Figure 4.6, panel B). These pairwise contrasts highlight a

preserved processing hierarchy across the sensorimotor cortex.
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Figure 4.6 Digit Decoding Accuracy Across Sensorimotor Regions in Younger and Older Adults:
(A) Bar plots display ROI-based decoding accuracies for D1–D5 stimulation in left (contralateral)
and right (control) hemispheres for younger (green) and older (red) adults, with brain maps (top row)
showing average accuracies. Dashed line denotes chance level (0.2, 5 digits). (B) Main effect of ROI
on decoding accuracy, with colors representing BAs; *p < 0.05, **p < 0.005. (C) Main effect of age
group (younger, green; older, orange), **p < 0.005, highlighting reduced precision in older adults.
(Adapted from Kalyani et al. [45])

In summary, these findings reveal a consistent hierarchy where BA1 and BA3b exhibit the most

precise digit decoding, validated by rSRM’s alignment (H3), with a notable decline in older adults’

accuracies across all BAs (H1). This suggests age-related changes in somatosensory precision while

retaining topographic organization, extending prior insights [89, 57] with high-resolution 7T fMRI

data.
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4.4.2 Age-Related SI Topography Changes via rSRM Decoding

This subsection leverages rSRM to perform across-run digit and age classification, delving deeper

into age-related changes in SI architecture beyond the general accuracy declines observed in previous

section (Section 4.4.1). Here, we focus on specific features driving these differences, testing H1’s

prediction of reduced representational precision and H3’s validation of rSRM’s alignment efficacy in

younger and older adults using 7T fMRI data.

First, we assessed how the number of significant voxels impacts digit decoding accuracy, analyzing

younger and older adults separately. Increasing voxel counts expanded the feature space, enhancing

the shared response’s ability to capture variance. In younger adults, 500 voxels with 5 features

yielded a mean accuracy of 0.42±0.14, while 3000 voxels with 100 features achieved similar results

(Figure 4.7, panel A). Older adults followed a comparable trend, though with lower accuracies,

reflecting age effect. For ROI-based analyses, we selected an optimal n = 500 voxels and k = 10

features, balancing shared variance capture across subjects and computational time (as k is inversely

proportional to computational time [15]) (Figure 4.7, panels A, B).

Using these parameters, we compared rSRM-based decoding against unaggregated time-series

decoding for digits and age groups via LOSO cross-validation with SVM. For digit decoding, rSRM

outperformed unaggregated methods: younger adults achieved 0.47±0.11 (rSRM) vs. 0.29±0.06

(unaggregated), and older adults 0.44±0.16 (rSRM) vs. 0.23±0.04 (unaggregated) at 500 voxels,

k = 200 (Figure 4.7, panel C). This confirms rSRM’s superior capture of shared tactile information.

For age group decoding, rSRM averaged 0.90±0.05, well above chance (0.5), matching dual-model

results (0.90±0.05) and highlighting group-specific feature extraction (Figure 4.7, panel D). With

k = 50, left hemisphere accuracies (0.84±0.26) exceeded right hemisphere (0.69±0.31) (Figure 4.8,

panel B), suggesting increased bilateral activation in older adults [8].

Permutation tests validated these findings: unaggregated time-series showed weak label depen-

dency (p= 0.068), while rSRM features were significantly stronger (p= 0.001), affirming non-chance

age classification (H3). Next, we calculated Euclidean distances in the shared feature space to iden-

tify age-specific topography changes. For both groups, same-digit distances were smaller than

between-digit distances, indicating that digit-specific representations were maintained in the shared

space (Figure 4.9, panel A). Distances increased across first (11.24± 2.43 younger; 8.73± 2.72

older), second (12.94±2.45 younger; 9.99±3.18 older), and third neighbors (14.77±2.56 younger;

11.44±3.88 older), dropping at the fourth (13.35±2.44 younger; 10.07±2.99 older), likely due to

cyclic D5-D1 stimulation order, as D5 and D1 were directly stimulated in succession (Figure 4.9,

panel B).

Random-design data analysis showed no significant distance increase beyond the third neighbor

(younger: t(18) = 1.66, p = 0.11; older: t(18) = 0.86, p = 0.40) (Figure 4.12), with younger adults
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Figure 4.7 rSRM Parameter Optimization and Decoding Performance:
(A) Heatmap of mean digit decoding accuracies and standard deviations(SD) in younger adults across
voxel and feature counts. (B) Same for older adults, showing optimal n = 500, k = 10 balancing
variance and computational time. (C) Line plots of digit decoding accuracy: unaggregated time-series
(blue: younger, green: older) vs. rSRM-based (orange: younger, red: older) at k = 200, with SD error
bars. (D) Bar plots of age group decoding accuracy: unaggregated (blue) vs. rSRM-based (cyan),
with standard error (SEM) error bars, chance = 0.5. (Adapted from Kalyani et al. [45])

consistently exhibiting higher distances for both cyclic and random design stimulations (Figure 4.9,

D, and Figure 4.12).

Taken together, these results indicate that:

1. Digit decoding accuracy is generally lower for older adults compared to younger adults.

2. In the shared space, sample points representing different digits are more closely clustered to

themselves, a pattern observed across both age groups (Figure 4.9, panel A).
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Figure 4.8 Age Group Decoding Across Hemispheres: (A) Brain maps (top) show mean age
classification accuracies in the left hemisphere (contralateral to right-hand stimulation). (B) Bar plots
compare left (contralateral) vs. right (ipsilateral) hemisphere accuracies using rSRM, with SEM error
bars and chance level (0.5, yellow line), indicating bilateral effects in older adults. (Adapted from
Kalyani et al. [45])

3. Euclidean distances between representations are lower for older adults, suggesting reduced

separation between digit representations.

4. Chance-level digit decoding and lower age-group accuracy in the ipsilateral hemisphere,

indicating that classification is driven by features corresponding to digit stimulation and not

random factors (Figure 4.8, panel B).

4.4.3 Columnar Organization in SI: Age Effects via C-SRM

Extending the rSRM results, we next used C-SRM to probe the columnar architecture of SI at 7T. By

iteratively partitioning BA 1 and BA 3b into successively finer column grids [39, 110, 109], we asked

how many columns best decode finger-specific responses during passive touch in younger versus older

adults—thereby testing H2 on age-dependent changes in column width.

Focusing on contralateral BA1 and BA3b (left hemisphere, right-hand stimulation), we segmented

these ROIs into 10 to 400 approximately equi-volume columns using LAYNII and plotted decoding
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Figure 4.9 Representation of Digit-Specific Shared Response Patterns in Younger and Older
Adults: (A) Heatmap of Euclidean distances (rSRM, k = 5) shows digit clustering and neighbor
gradients. (B) Bar plots of distances by neighbour order (younger: blue, older: red), with SD error bars,
reflecting D5-D1 order effect. (C) PCA visualization of the shared response in a 3D representational
space, demonstrating the circular arrangement of digits across different subjects. NOTE: PCA was
used purely for visualization purposes. (D) Digit-wise distances compare younger vs. older adults,
with SEM error bars. (Adapted from Kalyani et al. [45])

accuracies against column counts, fitting Gaussian curves to identify peak performance. Decoding

accuracies were higher in BA1 than BA3b across both age groups (Figure 4.10, panels A, B), with

optimal columnar sizes differing in BA1 but consistent in BA3b. Note that "columnar size" here

denotes functional units derived from T1-based modeling via LAYNII, not anatomically defined

columns tied to structural properties like myelination [24], as this approach does not account for T1

variations across cortical areas.

In BA1, younger adults required more columns for optimal decoding (70 columns, average size:

44.26±5.06mm3) than older adults (60 columns, average size: 45.47±5.55mm3), suggesting finer

computational units in the younger group. In BA3b, both groups peaked at 110 columns (younger:

28.94±3.51mm3; older: 24.49±2.40mm3), with a reference scale of ∼ 27mm3 approximating a

3x3x3 mm cube (Figure 4.10, panels A, B). These findings, combining rSRM’s funtional alignment

with columnar segmentation, introduce C-SRM as a novel tool to pinpoint the smallest functional

units of finger differentiation in SI.
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In BA3b, the stable 110-column optimum across age groups suggests robust topographic represen-

tation of finger-specific units, potentially reflecting consistent sub-finger pin responses. Conversely,

BA1’s age divergence (70 vs. 60 columns) indicates that younger adults may sustain higher precision

or less noise in columnar organization, aligning with age related precision decline and supported by

rSRM’s alignment efficacy (H3; Figure 4.10, right panels). These differences, explored further in the

Discussion, highlight C-SRM’s potential to reveal functional columnar variations in SI using UHF

data, extending prior high-resolution studies [39, 110].

Figure 4.10 Columnar-Shared Response Modeling: Digit Decoding in BA1 and BA3b: (A) Mean
digit decoding accuracies (solid lines) and standard deviations (shaded areas) across column counts in
BA1 for younger (blue) and older (red) adults, with dashed lines marking optimal columns (70 vs. 60;
H2). Right: Subject-wise peak distributions (Gaussian smoothing, window = 6). (B) Same for BA3b,
showing consistent 110-column optimum across groups (H2). Results from C-SRM using LOSO
cross-validation. (Adapted from Kalyani et al. [45])
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4.5 Extended Analyses and Supporting Results

4.5.1 Application of rSRM to Random Design Data

Methodology

Analyzing fMRI data from random stimulation designs poses challenges due to inconsistent stimula-

tion order, which can obscure shared stimulus-specific responses across subjects. To address this, we

re-ordered the blocked-design fMRI time series from the random runs to synchronize brain states,

enhancing alignment of shared neural responses for rSRM analysis. This preprocessing step, applied

to 7T fMRI data, facilitated accurate decoding by aligning digit-specific temporal patterns across

participants (Figure 4.11).

Figure 4.11 Synchronizing Blocked-Design fMRI for rSRM Analysis: Illustration of time-series
re-ordering for two example subjects (Sub 1, Sub 2), with colors denoting digit stimulations (D1–D5).
Different colors represent different digit stimulations, demonstrating the temporal alignment of digit-
specific responses across subjects. This preprocessing step ensures synchronization of the time series
for effective shared response estimation in subsequent analyses. (Adapted from Kalyani et al. [45])

Post-reordering, we trained the rSRM model on one run’s data, constructing a shared response

template with K = 5 features optimized via LOSO cross-validation to capture shared variance across

subjects. The template was tested on the left-out run, transforming its data into the shared space. A

linear SVM then performed LOSO classification on this transformed data, evaluating rSRM’s ability

to decode digit-specific patterns.

To probe the shared response space’s structure, we computed Euclidean distances between sample

points for digits D1–D5 in the 5-dimensional feature space. Average distances between neighboring

digits (e.g., D1-D2, D2-D3) were calculated, and paired t-tests assessed significant increases across
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adjacent pairs. These results, visualized in Figure 4.12, reveal how rSRM captures stimulus-specific

topography in random-design data, addressing alignment challenges and supporting H3.

Results

Digit classification on the re-ordered random-design data achieved mean accuracies of approximately

45% (0.45±0.09) for younger adults and 33% (0.33±0.07) for older adults, exceeding chance (0.2)

and indicating effective decoding of digit-specific patterns (H1; Figure 4.12, panels C, F). Permutation

tests across multiple subjects showed over 75% achieved scores significantly above chance (p < 0.05),

with actual accuracies (red dots) consistently outperforming permuted distributions (Figure 4.12,

panels C, F), supporting rSRM’s reliability.

Euclidean distance analysis in the 5-dimensional shared space (K = 5) revealed stable repre-

sentational patterns. For younger adults, distances were 5.93± 1.2 (third neighbor) and 6.0± 1.3

(fourth neighbor; t(18) = 1.66, p = 0.11); for older adults, 4.01±0.9 (third) and 4.03±1.0 (fourth;

t(18) = 0.86, p = 0.40) (Figure 4.12, panels B, E). No significant increase occurred beyond the third

neighbor, suggesting a plateau in topographic separation consistent with cyclic-run findings (Section

4.4.2), though younger adults showed higher distances, aligning with H1’s precision decline.

Figure 4.12 Digit Topography and Classification in Random-Design Data: (A, D) Heatmaps of
Euclidean distances between re-ordered digit responses (rSRM, K = 5) for younger (A) and older
(D) adults. (B, E) Bar plots of distances by neighbor order, with SEM error bars and means labeled.
(C, F) Box plots of 1000 permutation test scores vs. actual accuracies (red dots) for younger (C) and
older (F) adults, showing significant above-chance performance. (Adapted from Kalyani et al. [45])
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4.5.2 Comparative Performance: Anatomical Alignment, rSRM, and
C-SRM

Methodolody

To compare anatomical alignment (AA) with rSRM and C-SRM, we aligned T1-weighted MRI

data using Advanced Normalization Tools (ANTs) [5] to the MNI152 1mm template, establishing

a shared anatomical space as a baseline for decoding (H3). The preprocessing pipeline involved

FreeSurfer-assisted skull stripping [30] and high-quality registration via the SyN algorithm, followed

by co-registration of 7T functional data to these aligned anatomical images.

The BA3b ROI, defined using the Glasser atlas [33] and dilated for coverage across subjects,

was extracted from the aligned dataset. Time-series data within this ROI were analyzed for digit

decoding (D1–D5) using LOSO cross-validation with a linear SVM. Decoding accuracies, alongside

computational times, were recorded and compared against rSRM and C-SRM results, evaluating

performance and efficiency across these approaches (Table 4.1).

Results

The comparative analysis of AA, rSRM, and C-SRM across dimensions is detailed in Table 4.1.

Anatomical alignment yielded a decoding accuracy of 0.31±0.05, requiring 17,184 seconds (approx

4.77 hours), reflecting its computational intensity due to extensive registration processes. In contrast,

rSRM improved with increasing dimensions: accuracies ranged from 0.44 ± 0.05 (100 sec) to

0.46±0.05 (253 sec), peaking at 0.45±0.04 (309–563 sec), then slightly declining to 0.43±0.03

(2149 sec), showcasing its ability to capture shared stimulus-specific information.

C-SRM delivered stable accuracies across column counts: 0.38± 0.02 (41 sec), 0.40± 0.02

(45 sec), 0.39±0.01 (45 sec), 0.40±0.02 (52 sec), and 0.39±0.02 (67 sec), outperforming AA in

accuracy and efficiency while requiring significantly less computational time than rSRM (Table 4.1).

rSRM consistently achieved higher accuracies, aligning with H3’s alignment superiority, whereas

C-SRM balanced moderate accuracy with rapid processing, supporting H2’s columnar focus with

practical utility.

These results highlight rSRM’s precision in decoding digit representations (H1, H3) and C-SRM’s

efficiency for columnar analysis (H2), with AA as a computationally heavier baseline. The choice of

method can therefore be tailored to the specific demands of a given research context.
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Dimensions→
Methods↓ 10 60 70 110 250

AA S: 0.31±0.05; T: 17,184 sec

rSRM S: 0.44±0.05

T: 100 sec

S: 0.46±0.05

T: 253 sec

S: 0.45±0.04

T: 309 sec

S: 0.45±0.04

T: 563 sec

S: 0.43±0.03

T: 2149 sec

C-SRM S: 0.38±0.02

T: 41 sec

S: 0.40±0.02

T: 45 sec

S: 0.39±0.01

T: 45 sec

S: 0.40±0.02

T: 52 sec

S: 0.39±0.02

T: 67 sec

Table 4.1 Comparative Performance of Alignment Methods in BA3b Decoding. Table compares
decoding accuracies (S, mean ± SD) and computational times (T, seconds) for AA, rSRM, and
C-SRM across dimensions (10–250) in BA3b. rSRM excels in accuracy, while C-SRM balances
accuracy and efficiency. (Adapted from Kalyani et al. [45])

4.6 Discussion

This study employed rSRM and introduced a novel C-SRM approach to probe finger-specific repre-

sentations in the somatosensory cortex of younger and older adults using UHF (7T) fMRI. The overall

findings indicate that the hierarchical architecture of somatosensory processing persists across age

groups, in line with previous work identifying BA1 and BA3b as critical for precise tactile encoding

[57, 89]. Nevertheless, the lower digit-classification accuracies observed in older adults across BAs

suggest that aging diminishes representational sharpness, a result that cannot be accounted for by

variations in tactile thresholds (as these were individually calibrated).

Quantification of representational distance further supports this decline in fidelity among older

adults, evidenced by reduced Euclidean distances among digit-evoked responses. Notably, C-SRM re-

vealed distinct patterns in BA1, wherein older adults showed fewer, larger columnar units than younger

adults, possibly implicating broader receptive fields or diminished intracortical inhibition [77]. By con-

trast, BA3b’s optimal columnar configuration appeared robust to age-related changes—maintaining

an approximately consistent number of columns, akin to prior findings on stable sub-finger representa-

tions [89, 109, 110].

The ROI analyses extend earlier insights into the hierarchical processing of tactile inputs, con-

firming that BA2 integrates signals from BA3b and BA1, leading to complex receptive fields [57].

Additionally, while motor areas such as BA4a and BA4p also contributed to digit classification, their

involvement was somewhat less pronounced. Ipsilateral decoding remained near chance for most

regions in both age groups, though older adults exhibited a modest above-chance performance in

certain areas, potentially reflecting compensatory bilateral mechanisms consistent with the HAROLD

model [10].

Methodologically, rSRM significantly outperformed unaggregated time-series decoding ap-

proaches by learning a shared space that effectively captures both digit- and age-specific variance [8].
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The contralateral hemisphere showed higher accuracies, unsurprisingly, given its direct involvement

in tactile processing. C-SRM added a valuable dimension to the analysis, allowing quantification

of how columnar-scale tuning might shift across the lifespan. While BA1 clearly diverged between

younger and older groups, BA3b remained more constant, underscoring differential susceptibility

among somatosensory subregions [21, 13].

These results raise intriguing questions regarding the anatomical correlates of these functional

columns, including whether certain myeloarchitectonic signatures align with the larger or smaller

columnar units observed in different age groups [24]. Additionally, the chosen 1 mm voxel resolution,

while enabling high-fidelity classification, does not necessarily capture the full sub-millimeter scale of

cortical layers [109, 110]. Future imaging protocols may explore deeper laminar or myelin-sensitive

contrasts to elucidate the structural underpinnings of these functional maps.

4.7 Conclusion

Through the combined application of UHF (7T) fMRI, rSRM, and C-SRM, this chapter demonstrates

both the robustness of hierarchical somatosensory processing and the subtle, yet significant, decline

in digit-specific precision among older adults. While BA3b retains a stable columnar structure, BA1

reveals age-dependent shifts, requiring fewer columnar units in older adults. These findings not only

validate the rSRM framework’s ability to capture fine-scale features but also highlight the utility of

C-SRM for examining how columnar organization changes with age.

By integrating these multivariate approaches, future research can delve further into the structural

correlates of these functional columns, possibly leveraging higher spatial resolution or novel imaging

contrasts. Moreover, the methods and insights gained here could inform broader clinical studies

on age-related sensory decline or serve as a baseline for exploring neurodegenerative conditions

that affect somatosensory organization. In essence, this work underscores the potential of advanced

dimensionality reduction and functional alignment strategies for mapping the intricacies of cortical

representations and how they evolve across the human lifespan.



Chapter 5

Amyotrophic Lateral Sclerosis-Related
Functional Changes

5.1 Introduction

ALS often referred to as Lou Gehrig’s disease—is a progressive neurodegenerative disorder that

selectively targets both UMNs in the motor cortex and LMNs in the brainstem and spinal cord

[2, 29]. This dual patholog y manifests in a range of symptoms, from muscle weakness and atrophy

to spasticity and eventual paralysis, often culminating in respiratory failure. Symptom onset is

typically focal: it may begin with bulbar impairments (affecting speech and swallowing), with upper

limb dysfunction, or with lower limb difficulties, before progressively involving widespread motor

pathways [82]. The median survival time is commonly three to five years, though this varies according

to disease subtype and progression.

Clinically, ALS is heterogeneous and ALS typically spreads from an initially affected focal region

to other areas of the motor system, ultimately leading to generalized motor impairment and respiratory

failure [69]. Despite extensive research, no cure exists; current treatments modestly prolong survival

and alleviate symptoms [11].

Neuroimaging has been instrumental in uncovering both structural and functional aspects of ALS

pathology. For instance, magnetic resonance studies have revealed microstructural alterations such

as iron accumulation in deeper cortical layers of the MI in regions initially affected by the disease

[18]. Conversely, calcium deposits often appear more diffusely in upper cortical layers, while low-

myelin borders—which normally demarcate the transitions between body part representations—tend

to degenerate early, undermining the functional topography of MI [56, 70]. However, although

structural lesions are increasingly well-documented, the corresponding functional disruptions remain

less understood.
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Resting-state fMRI studies suggest that network-level functional changes, such as altered sensori-

motor connectivity, might precede overt structural damage [98]. These findings raise the possibility

of detecting early functional biomarkers that could track disease progression more dynamically.

Yet, fMRI data in ALS is challenging to interpret: patients may have difficulty remaining still, and

symptom heterogeneity can reduce group-level coherence in traditional voxelwise analyses.

UHF (7T) fMRI and advanced multivariate analysis techniques, offers an opportunity to overcome

these issues by providing higher spatial and temporal resolution, and better data aggregation techniques

[6]. This makes it possible to discern finer-scale activity patterns that might be pivotal for identifying

the earliest functional alterations in ALS. Despite its promise, 7T-fMRI has been employed in relatively

few ALS studies, with most investigations focusing on structural assessments rather than capturing

neural activation and connectivity profiles.

Recent computational advances, particularly rSRM and PLSR, can help parse these high-dimensional

datasets [45, 99]. rSRM aligns individual subject data into a shared low-dimensional space, potentially

improving the classification of ALS patients versus healthy controls by highlighting common and

individual disease-driven signals. Meanwhile, PLSR relates large-scale brain patterns to clinical

metrics such as the ALSFRS-R and Penn Upper Motor Neuron Score (PUMNS) [11, 80]. Taken

together, these methods may help distinguish whether functional alterations in ALS are localized to

specific cortical zones (topographic) or diffused across motor regions (atopographic).

This study aims to:

1. Classify ALS patients vs. controls using rSRM-based task-related sensorimotor activation

(H4a).

2. Differentiate topographic (first-affected region) vs. atopographic functional changes in MI

(H4b).

3. Identify latent variables reflecting disease severity and onset site via PLSR, comparing func-

tional activation and connectivity (H5).

5.2 Population and Study Design

5.2.1 Pariticpants

Functional MRI data were acquired using 7T MRI from 14 ALS patients (6 females, mean age =

56.07 years, SD = 15.62) and 12 age-matched healthy controls (6 females, mean age = 61.1 years, SD

= 11.9). Patients were recruited from University Hospitals in Magdeburg, Jena, and Dresden between

June 2018 and January 2024, scanned post-diagnosis. Controls, sourced from the DZNE database in
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Magdeburg, Germany, were matched to 12 ALS patients by age (±2 years; t(22) =−0.15, p = 0.883),

handedness, gender, and education (patients: mean = 14.5 years, SD = 2.7; controls: mean = 15.4

years, SD = 2.7; t(22) =−0.82, p = 0.422). Two patients lacked matched controls due to a scanner

software update.

Participants underwent 7T MRI scans and behavioral assessments, with ALS patients receiving

clinical evaluations from a neurologist. The ALS cohort included 8 upper limb (UL), 3 lower limb

(LL), and 3 bulbar (B, bilateral) onset cases (Table 5.1). Three patients (P1, P4, P6) had follow-up

scans: P1 (5 months), P6 (7 months), P4 (8 months, 2 years 4 months). Controls were excluded for

sensorimotor deficits, neurological disorders, or 7T MRI contraindications. All provided informed

consent and were compensated, with the study approved by the Ethics Committee of the Medical

Faculty at the University of Magdeburg.

Patient Age Gender Control Limb Onset ALSFRS-R King’s Stage PUMNS

P1* 50 F Yes UL 44 2A 1

P2 74 F Yes LL 25 3 22

P3 36 M Yes LL 45 2A 15

P4* 48 M Yes UL 37 2B 2

P5 53 M Yes B 33 3 2

P6* 66 M Yes UL 41 2B 3

P7 60 M Yes UL 40 2A 11

P8 52 F Yes UL 42 2B 16

P9 64 F Yes B 47 2A 1

P10 77 F Yes UL 35 2A 0

P11 72 F Yes B 46 2A 1

P12 73 M Yes UL 34 2B 9

P13 25 M No UL 33 3 7

P14 35 M No LL 17 3 12
Table 5.1 Clinical and Demographic Details of ALS Cohort. Columns list patient ID, age, gender (F =
female, M = male), control matching (Yes/No), onset type (UL = upper limb, LL = lower limb, B =
bulbar), ALSFRS-R score (lower = greater impairment), King’s stage (2A = one region, 2B = two
regions, 3 = three regions), and PUMNS score (higher = greater UMN dysfunction). *Patients with
multiple scans. (Reproduced from Kalyani et al. [46])
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5.2.2 MRI Scanning Protocol

Functional and structural MRI data were acquired using a 7 Tesla MRI scanner (Siemens Healthineers)

equipped with a 32-channel head coil (Nova Medical Inc.) at Otto-von-Guericke University, Magde-

burg, Germany. Each participant underwent a single scanning session that included whole-brain

anatomical imaging and functional imaging during motor tasks.

Structural imaging used MP2RAGE sequences with 0.7 mm isotropic resolution. The acquisition

parameters included a TR of 4800 ms, an TE of 2.01 ms, a FOV of 224 mm, flip angles of 5° and 3°,

and inversion times of 900 ms and 2750 ms. A bandwidth of 250 Hz/Px was used to enhance image

quality. Functional imaging employed a GE-EPI sequence for BOLD contrast, acquiring 81 slices at

1.5 mm isotropic resolution. The acquisition parameters included a TR of 2000 ms, TE of 25 ms, an

FOV of 212 mm, interleaved slice acquisition, a parallel imaging acceleration factor (GRAPPA) of 2,

and a Simultaneous Multi-Slice (SMS) factor of 2 to enhance temporal resolution.

Figure 5.1 Experimental Design and Analytical Framework: (A) Motor tasks (12sec) alternated
with rest (15sec) across body parts (left/right hand, foot, tongue/lip). (B) 7T MRI setup (C) Functional
activation and connectivity maps. (D) rSRM with SVM classified ALS vs. controls. (E) Modeling
disease onset site with PLSR-LV clustering (purple: upper limb; blue: lower limb; yellow: bulbar)
using activation/connectivity (X) and PUMNS (Y), with LV1/LV2 scatter (MSE = 0.04, for Split 12).
(F) Modeling King’s stages (Y = ALSFRS) with PLSR showed X-Y latent variable clustering (purple:
2A, blue: 2B, yellow: 3; MSE = 0.33, for split 8). (Reproduced from Kalyani et al. [46])
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5.2.3 Experiment Design

A block-design paradigm assessed sensorimotor cortex activity, alternating 12-second movement

blocks (left/right foot;left/right hand; tongue) with 15-second rest periods (Figure 5.1, panel A).

To ensure consistency, participants underwent pre-scan training to familiarize themselves with the

movement tasks. During scanning, visual cues (black text on a gray background) were presented to

instruct participants when to prepare for and execute each movement (e.g., "prepare left hand," "move

left hand"). Each movement was repeated four times, resulting in 20 trials per run. To minimize

unintended motion artifacts, fingerless braces were used to stabilize hand movements during scanning.

Additionally, whole-brain susceptibility-weighted imaging (SWI) was performed in a subset of

patients (10 out of 14) to assess microstructural alterations. SWI scans were acquired with a voxel

resolution of 0.5 mm using transversal slices with a TR of 22 ms, TE of 9 ms, an FOV of 192 mm, a

flip angle of 10°, and a bandwidth of 160 Hz/Px. Two patients did not complete the SWI scans due to

fatigue and discomfort, as this sequence was acquired at the end of the session. The total scanning

time, including all structural and functional acquisitions, was approximately 75 minutes. Structural

imaging data from this study have been published separately.

5.3 Methods

5.3.1 Preprocessing

fMRI data preprocessing was conducted using SPM12 (Statistical Parametric Mapping 12). Steps

included motion correction, slice-timing correction, and spatial smoothing with a 2 mm FWHM

Gaussian kernel [75]. Functional images were co-registered to 7T MP2RAGE anatomical scans using

ITK-SNAP (v3.8.0) [112], with manual landmark-based adjustments as needed.

For group analyses, data were normalized to the MNI152 template [28] using the Advanced

Normalization Tools (ANTs) framework [5]. The ‘antsRegistrationSyN.sh‘ script applied rigid, affine,

and SyN transformations, ensuring precise inter-subject alignment while enabling reliable inter-subject

comparisons.

5.3.2 Statistical Analysis

Functional Activation Analysis

Prior to statistical modeling, fMRI time-series data were band-pass filtered (0.01–0.1 Hz) to remove

low-frequency drifts and high-frequency noise. A first-level GLM was applied in SPM12 to generate

t-statistic maps for each body part engaged in the movement task, including the left and right hands,
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left and right feet, and tongue/face regions [71, 70]. These activation maps were subsequently used as

predictors to assess disease-related functional changes.

Functional Localizer Mask Generation

Functional localizer masks were generated for group-level comparisons by selecting the top 1500

most significant voxels per body part from the t-maps derived from GLM analysis. This standard-

ized the ROI size across subjects, ensuring that patients with weaker motor performance were not

disadvantaged.

To refine the masks:

1. The masks were intersected across all subjects, retaining only voxels consistently activated

across participants.

2. A connected component analysis was applied to extract the largest contiguous cluster for each

body part.

This ensured that the selected ROIs represented the most functionally relevant sensorimotor

regions, focusing on areas closely associated with ALS progression.

Functional Connectivity Analysis

To investigate network-level changes, Eigenvector Centrality Mapping (ECM) was employed to

identify regions acting as hubs in the sensorimotor network [59]. ECM assigns higher centrality

values to voxels with extensive functional connections to influential regions, allowing the identification

of key sensorimotor hubs affected in ALS. ECM maps were computed using Lipsia software [60],

based on the task-specific functional localizer masks.

Additionally, seed-based functional connectivity analysis was performed:

1. Seeds were defined as 5-voxel-radius spheres centered on peak activation coordinates.

2. Time-series data were extracted from these seeds and correlated with all other voxels within

the combined localizer masks.

3. Connectivity differences were analyzed between ALS patients and controls to detect disease-

related alterations.

5.3.3 Classification of ALS Patients and Controls

To isolate functional signatures that differentiate ALS from healthy controls, all 7T fMRI runs were

aligned with rSRM [99, 45]. Unlike conventional anatomical alignment, rSRM learns a compact,
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low–dimensional feature space that is common across participants, suppressing idiosyncratic noise

while retaining group–specific variance—an essential property for detecting the subtle, spatially

distributed effects of neurodegeneration.

Two cohort–specific shared spaces were estimated. First, every ALS volume was entered into

an ALS model, rSRMALS; an analogous control model, rSRMHC, was trained on healthy participants.

Within each cohort the data were pre-processed, split by body-part movement condition, and fit in a

LOSO loop so that no test data influenced the learned bases. In every fold the held-out subject’s time

series were independently projected into both shared spaces, yielding two matched low-dimensional

representations. A linear classifier operating on these paired projections decided whether the unknown

brain belonged to the ALS or control distribution, and its performance was averaged across folds.

Chance for this binary task is 0.50, mirroring the procedure used for age-group classification in

Chapter 4; accuracies significantly above this threshold indicate that rSRM successfully captures

disease-specific neural patterns that traditional alignments would have obscured.

5.3.4 Partial-Least-Squares Regression (PLSR)

To link brain measures to clinical status we used PLSR, a multivariate technique that extracts coupled

latent components from a predictor matrix X and a response matrix Y [63, 51]. For each of the n = 14

participants,

X = [task activations | ECM connectivity], Y = [ALSFRS-R | PUMNS].

PLSR factorises the data as

X = TPT+FX , (5.1)

Y = UQT+FY , (5.2)

with score matrices T,U ∈ Rn×L, loadings P,Q, and residuals FX ,FY . Under the constraint

U = TD (diagonal D), the weights W,C are chosen to maximise the cross-covariance of each

component pair,

max
w,c

cov
(
Xw, Yc

)
.

Modelling strategy. Two LOSO-validated models were estimated:

1. Disease severity. X contained ECM connectivity and activation within hand, foot and bulbar

masks; Y was the ALSFRS-R vector.
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2. Site of onset. The same X was related to PUMNS sub-scores that encode upper-/lower-limb

and bulbar onset.

For every left-out patient the trained model projected their data into latent-variable (LV) space,

yielding clusterable coordinates for King’s stage (2A, 2B, 3) and onset type. Prediction error was

quantified as mean-squared error across LOSO folds. Finally, weight vectors were back-projected to

voxel space; a paired t-test compared the spatial dispersion of activation- versus connectivity-derived

weights, testing H5 (“connectivity is the more sensitive marker”).

5.3.5 Longitudinal Percent Signal Change Analysis

As a control analysis, the study examined whether brain response strength diminishes with ALS

progression. Percent signal change was calculated for three ALS patients with multiple scans (n=3).

The rest condition, averaged over the whole brain across two activity blocks, served as the baseline,

with the task block as the parameter. This analysis explored changes in brain responsivity over time.

To address BOLD signal variability, voxel-level time-series were z-scored and band-pass filtered

(0.01–0.1 Hz) prior to calculation [3]. These steps standardized data, reduced noise, and isolated task-

related activity. However, BOLD remains a relative measure, potentially influenced by physiological

and vascular factors (e.g., cerebrovascular reactivity, cerebral blood flow), necessitating cautious

interpretation of longitudinal trends (H5).

5.4 Results

5.4.1 Classification of ALS Patients and Controls Based on Sensorimo-
tor Cortex Activation

To determine whether participants could be accurately classified as ALS patients or healthy controls

based on functional activation in the sensorimotor cortex, shared response patterns were extracted

using rSRM, followed by classification via a SVM. The classification model achieved an overall

accuracy of 0.91±0.26, indicating a strong differentiation between the two groups.

Further analysis was conducted to assess whether classification accuracy was predominantly influ-

enced by the functional representation of the initially affected body part or by regions corresponding

to non-affected or later-affected areas. A comparison of classification accuracies revealed that regions

corresponding to the first-affected body part exhibited significantly lower classification accuracy than

regions corresponding to non-first-affected body parts (0.86±0.13 vs. 0.96±0.23, t(143) =−3.92,

p = 1.50× 10−4). These findings suggest that, functionally, the disease-defining signature in the

sensorimotor cortex extends beyond the first-affected region (Figure 5.2).
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Figure 5.2 Classification of ALS Patients vs. Controls Using Functional Activation Patterns:
Functional localizer ROIs in sensorimotor Cortex: left hand (LH, blue), right hand (RH, red), left
foot (LF, light blue), right foot (RF, yellow), bulbar (B, green). (B) Bar plot of classification accuracy
(rSRM + SVM) for first-affected (purple) vs. non-first-affected (orange) body parts, with lower
accuracy for first-affected regions (p < 0.01). Adjacent table lists each patient’s first-affected body
part. (Reproduced from Kalyani et al. [46])

5.4.2 Latent Variables Identifying Disease Onset and Severity

To determine whether PLSR identifies functional signatures reflecting ALS onset and severity, and

whether activation or connectivity is more sensitive (H5), the study modeled functional activation

and connectivity profiles using PLSR [51]. These profiles, derived from a combined localizer mask

(MI: hand, foot, tongue), were related to ALSFRS-R and PUMNS scores, assessing severity and onset

clustering. Absolute mean weights evaluated regional contributions.

Modeling Disease Onset

For functional activation-based modeling, the overall MSE across LOO cross-validation splits was

1.02±0.39 (mean ± SEM). The scatter plots in Figure 5.3A illustrate the clustering of ALS onset

types within the latent variable (LV) space across sample test splits, with purple representing upper

limb onset, cyan indicating lower limb onset, and yellow denoting bulbar onset. The first latent
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variable (LV1) effectively separated lower limb onset from bulbar onset; however, upper limb onset

showed less distinct clustering, often overlapping with other groups. This pattern was mirrored in

the region-specific weight distributions: the tongue/face region exhibited the highest average weight

(5.3±0.1×10−5), followed by the foot region (3.8±0.1×10−5), while the hand region contributed

the lowest weights (1.9±0.1×10−5; Figure 5.3B). The histogram of MSE values across all splits

(Figure 5.3C) revealed that the majority clustered below 3, suggesting reasonable model stability,

though some splits reached MSEs as high as 6, indicating variability in performance across subjects.

In contrast, functional connectivity-based modeling resulted in an overall MSE of 1.22±0.43. The

scatter plots in Figure 5.3D demonstrate improved clustering of onset types compared to activation-

based modeling, particularly along LV1 for lower limb versus bulbar onset. Notably, upper limb onset

showed clearer separation in several test splits (e.g., splits 4, 5, 10, and 12), leading to more distinct

grouping in the LV space. This enhanced clustering was reflected in the weight distributions, with the

tongue/face region again showing the highest average weight (0.86±0.1×10−3), followed closely

by the foot region (0.79± 0.1× 10−3), and the hand region contributing less (0.45± 0.1× 10−3;

Figure 5.3E). The MSE histogram (Figure 5.3F) displayed a more consistent spread, with most values

concentrated between 1 and 3 and fewer outliers compared to activation, highlighting greater stability

in connectivity-based modeling.
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Figure 5.3 Modeling ALS Onset Site with PLSR. (A) LV scatter plots of onset types (upper limb:
purple, lower limb: cyan, bulbar: yellow) using activation across splits, with MSE. (B) Bar graph
of mean weights (hand, foot, tongue), tongue highest. (C) MSE histogram, showing variability. (D)
Connectivity-based LV clustering, enhancing separation. (E) Weights, with tongue/foot dominant. (F)
MSE histogram, indicating stability. (Reproduced from [46])
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Modeling Disease Severity

For functional activation-based modeling of disease severity, the overall MSE across all cross-

validation splits was 1.22±0.33. However, the projection of participants onto the LV space exhibited

fluctuations (Figure 5.4D), indicating instability in the model despite consistent grouping patterns

observed across splits. Due to this variability, the study did not pursue further analysis of this model.

Conversely, functional connectivity-based modeling, utilizing ECM features, produced an overall

MSE of 1.40± 0.30 across splits. This model demonstrated consistent performance in grouping

participants by ALS King’s stages (2A, 2B, 3). Specifically, the first latent variable (LV1) revealed

distinct clusters: participants in King’s stage 3 consistently grouped below 0 on the y-axis, while

those in stages 2A and 2B clustered above 0 (Figure 5.4C). This grouping pattern held across multiple

cross-validation splits, and test subjects’ projections aligned with training data clusters (red-outlined

points, Figure 5.4C), suggesting reliable generalization.

To explore this effect further, Figure 5.4F illustrates averaged functional connectivity differences

between ALS patients and controls across King’s stages, revealing an inverted U-shaped profile. In

stage 2A, connectivity decreased relative to controls across all seed regions (left hand: −0.13, right

hand: −0.11, left foot: −0.04, right foot: −0.07, tongue: −0.07). In stage 2B, connectivity increased

(left hand: +0.08, right hand: +0.09, left foot: +0.17, right foot: +0.16, tongue: +0.07). In stage 3,

connectivity dropped again (left hand: −0.16, right hand: −0.19, left foot: −0.23, right foot: −0.21,

tongue: −0.18). Longitudinal data from three patients (Figure 5.5) corroborated this trend.

In summary, the study demonstrated that BOLD signal changes in sensorimotor cortex during body

part movements successfully classified participants into patients versus controls (H4) and identified LV

clustering patterns reflecting disease onset and severity (H5). Functional connectivity outperformed

activation in clustering consistency for both onset and severity, with connectivity-based modeling

showing tighter MSE distributions and better separation of onset types and stages. Additionally,

connectivity changes across King’s stages followed an inverted U-shape—reduced in early (2A) and

late (3) stages, with a temporary increase in 2B—suggesting compensatory mechanisms in mid-stage

ALS, supported by longitudinal data.
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Figure 5.4 Modeling ALS King’s Stages with PLSR: (A-B) Topographic weight maps (A: splits, B:
aggregated), warmer colors for higher weights. (C-D) LV clustering by stages using connectivity (C)
and activation (D); red outlines mark test subjects, connectivity MSE lower. (E) Weights (foot, tongue
dominant, p < 0.01). (F) Connectivity changes (ALS vs. controls), inverted U-shape across stages.
(Adapted from Kalyani et al. [46])
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5.4.3 Topographic vs. Atopographic Functional Profiles in ALS

To investigate whether disease-defining functional information is specific to the first-affected topo-

graphic location in the sensorimotor cortex (i.e., topographic, potentially reflecting iron accumulation

[70]) or not specific to that location (i.e., atopographic, potentially reflecting calcium accumulation

[70]), and to determine whether any topographic region in the MI is strongly associated with the

severity of ALS irrespective of onset site, the study conducted additional analyses. Section 5.4.1

reported that classification accuracies for distinguishing patients from controls using rSRM were

higher in regions corresponding to behaviorally non-first-affected body parts compared to those of

first-affected body parts. This finding already indicates that functionally disease-defining regions in

MI are not most prominent in the area behaviorally affected first.

In addition, Section 5.4.2 noted higher weights in the foot and tongue/face regions compared

to the hand region when modeling disease onset with PLSR. To further explore whether certain MI

regions are more associated with disease severity, the study computed the weight distribution from

the connectivity-based King’s stage modeling and projected these weights back into voxel space

using ECM-derived features [59]. This approach enabled precise identification of the regions driving

severity clustering within MI. The results revealed that the highest mean weights were present in the

foot (5.7×10−4 ±6.828×10−6) and tongue/face (6.4×10−4 ±1.22×10−5) regions, while the hand

region exhibited significantly lower weights (1.72× 10−5 ± 5.78× 10−6; see Figure 5.4E). Paired

t-tests between these weight distributions confirmed significant differences: hand versus foot region

(t(13) =−8.90, p = 6.84×10−7), hand versus tongue/face region (t(13) =−3.69, p = 2.72×10−3),

and no significant difference between foot and tongue/face regions (t(13) =−0.49, p = 0.634; see

Figure 5.4E). These findings suggest that higher connectedness (i.e., centrality) in the tongue/face and

lower limb regions within the brain’s sensorimotor network is more strongly associated with King’s

stage clustering, whereas the hand region contributes less.

This consistent pattern—higher weights in the foot and tongue/face regions and lower weights in

the hand region—was observed in both the modeling of disease onset and disease severity (Section

5.4.2). This indicates that the foot and tongue/face areas demonstrate the greatest functional relevance

across ALS progression, irrespective of the initial onset site. Consequently, the disease-defining

functional signature appears atopographic, not confined to the first-affected topographic location, and

the foot and tongue/face regions in MI are particularly linked to severity clustering across patients.
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5.4.4 Additional Analysis

Longitudinal Percent Signal Change Analysis

The study tracked neural activity in three ALS patients—P4 (11 months, 3 years post-diagnosis),

P1 (5 months), P6 (7 months)—via percent signal change and ECM values. Figures 5.5A, B show

activation varied more than connectivity.

For P4, hand/tongue activation peaked at 11 months, then dropped by 3 years; foot declined

steadily. ECM stayed stable. For P1, activation rose across regions over 5 months; ECM was steady,

tongue slightly down. For P6, hand fell, foot held, tongue rose over 7 months; ECM remained

consistent (Table 5.3).

These findings indicate that functional activation undergoes more substantial changes over time

than large-scale connectivity measures in ALS patients. This pattern aligns with prior research

suggesting early compensatory increases in neural activity followed by a progressive decline as

motor neuron degeneration advances. The dissociation between percent signal change and ECM

values underscores the importance of examining both localized activation shifts and broader network

connectivity when tracking ALS progression longitudinally.

Patients T1 T2 T3

P4
ALSFRS-R Total: 37 ALSFRS-R Total: 36 ALSFRS-R Total: 41

(bulbar: 12, fine: 6, gross: 7, (bulbar: 12, fine: 6, gross: 7, (bulbar: 11, fine: 10, gross: 9,

breathing: 12), KS: 2B breathing: 11), KS: 2B breathing: 11), KS: 2B

P1 - ALSFRS-R Total: 44 -

(bulbar: 12, fine: 9, gross: 11,

breathing: 12), KS: 2A

P6
ALSFRS-R Total: 41 ALSFRS-R Total: 38 -

(bulbar: 9, fine: 9, gross: 11, (bulbar: 9, fine: 7, gross: 10,

breathing: 12), KS: 3
breathing: 12), KS: 2B

Table 5.2 ALS Functional Rating Scale-Revised (ALSFRS-R) scores over time for three patients. KS:
King’s Stage. (Reproduced from Kalyani et al. [46])
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Figure 5.5 Changes in % signal change and functional connectivity over time: Line graphs
illustrate (A) averaged % signal change and (B) ECM values in brain activity for three subjects across
different time points: +11 months and +3 years after the first scan for P4, +5 months after the first
scan for P1, +7 months after the first scan for P6. Data is extracted from hand (blue), foot (red), and
tongue (green) regions in MI, highlighting the variations in functional activation and connectivity over
time. (Reproduced from Kalyani et al. [46])
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Patient Region Time Point Percent Signal Change ECM Values
(mean ± SEM) (mean ± SEM)

P4

Hand

Baseline 0.41 ± 0.83 1.03 ± 0.08

11 months 0.58 ± 0.34 1.03 ± 0.10

3 years 0.18 ± 0.13 0.97 ± 0.12

Foot

Baseline 1.26 ± 0.76 0.96 ± 0.09

11 months 1.21 ± 0.31 0.96 ± 0.10

3 years 0.04 ± 0.08 0.96 ± 0.10

Bulbar

Baseline 0.02 ± 0.31 0.69 ± 0.46

11 months 0.74 ± 0.09 0.68 ± 0.46

3 years 0.03 ± 0.16 0.73 ± 0.50

P1

Hand
Baseline 0.15 ± 0.11 0.98 ± 0.13

5 months 0.38 ± 0.14 1.00 ± 0.09

Foot
Baseline 0.37 ± 0.14 0.94 ± 0.14

5 months 1.74 ± 0.34 0.96 ± 0.09

Bulbar
Baseline -0.89 ± 0.17 0.73 ± 0.49

5 months 0.25 ± 0.11 0.70 ± 0.48

P6

Hand
Baseline 0.86 ± 0.10 0.97 ± 0.12

7 months 0.39 ± 0.24 1.01 ± 0.10

Foot
Baseline 1.80 ± 0.42 0.99 ± 0.12

7 months 1.82 ± 0.35 1.00 ± 0.11

Bulbar
Baseline 0.16 ± 0.20 0.72 ± 0.49

7 months 0.75 ± 0.16 0.67 ± 0.46
Table 5.3 Percent signal change and connectivity (ECM) changes in ALS patients over time. The
table presents longitudinal variations in percent signal change and ECM values across different brain
regions (Hand, Foot, Bulbar) for three ALS patients (P4, P1, P6) at various time points. (Reproduced
from Kalyani et al. [46])
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5.5 Discussion

ALS, a rapidly progressing neurodegenerative disease, involves motor control loss and cytoarchi-

tectural changes in MI [2]. While prior studies emphasized structural alterations, this study used

7T-fMRI, rSRM, and PLSR to identify functional signatures in MI linked to ALS onset and pro-

gression. Results (1) confirm BOLD signal changes during body part movements distinguish ALS

patients from controls (accuracy: 0.91±0.26), (2) show functional connectivity maps better reflect

disease severity and onset site than activation maps, and (3) reveal disease-defining information is

atopographic, with foot and face areas in MI most tied to severity regardless of onset site. These

findings deepen understanding of ALS cortical mechanisms and suggest a novel approach for future

clinical studies.

The study distinguished ALS patients from controls using sensorimotor cortex activation and

connectivity, supporting prior evidence of distinct motor region patterns in ALS [85, 98, 108]. This

separation in latent variable space suggests neuroimaging markers could aid early diagnosis and

tailored treatments.

Functional connectivity outperformed activation in modeling onset site and severity, indicating

co-activated networks during movement are more sensitive to disease stage than net MI activation.

Connectivity decreased in King’s stage 2A, increased in 2B, and dropped in 3, aligning with early

compensatory increases followed by decline [101, 19]. This inverted U-shape suggests initial network

recruitment compensates for early loss, with later declines reflecting severe degeneration. Maintaining

early compensation could slow progression, extending prior resting-state [65] and cognitive [20]

findings to motor tasks.

Regarding topography, structural studies showed iron accumulation in first-affected MI regions

[70], yet functional classification was less accurate there than in non-first-affected areas. This atopo-

graphic signature aligns with calcium accumulation in low-myelin MI borders [70, 52], suggesting

disease-defining changes span beyond initial sites. Stronger classification in later-affected regions

may reflect advanced pathology, emphasizing longitudinal functional tracking over static structural

markers. Lack of spinal cord data limits interpretation; future studies combining modalities could

clarify this.

Foot and face areas in MI best reflected onset and severity, with higher weights than the hand

region, possibly due to greater vulnerability to ALS pathologies [25, 56]. The hand’s resilience to

age-related iron accumulation [71] or earlier behavioral detection of dysfunction may reduce its

functional sensitivity. Bulbar changes, linked to shorter survival [95], further highlight face area

relevance. Activating low-myelin borders could be a novel therapeutic target if confirmed in larger

cohorts.
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5.6 Conclusion

This chapter demonstrated that UHF 7T-fMRI, using rSRM and PLSR, effectively elucidates functional

changes in the sensorimotor cortex associated with ALS. The study confirmed that BOLD signal

changes during body part movements distinguish ALS patients from controls with high accuracy (H4),

supporting the utility of functional neuroimaging as a diagnostic marker. Furthermore, it revealed that

latent variables derived from functional connectivity maps outperform activation maps in clustering

disease onset site and severity (H5), with an atopographic signature where foot and face areas in MI

are most linked to progression, irrespective of initial onset site. These findings highlight the sensitivity

of network-level changes to ALS stages, suggesting early compensatory mechanisms that decline

with advanced degeneration. By identifying these distinct functional signatures, the study advances

understanding of ALS cortical pathology beyond structural alterations and offers a novel framework

for tracking progression. Future research should integrate spinal cord and brainstem data, validate

these patterns in larger cohorts, and explore therapeutic strategies targeting connectivity preservation,

such as enhancing low-myelin border function, to potentially slow disease advancement.





Chapter 6

General Discussion

This thesis leveraged UHF 7T-fMRI with advanced multivariate methods (rSRM, C-SRM, PLSR) to

investigate how sensorimotor cortical organization adapts in healthy aging versus how it is disrupted

in ALS. Overall, the findings indicate that normal aging is associated with a broadening of functional

representations in SI, whereas ALS leads to widespread, non-topographic disruptions in functional

networks beyond any single locus. In other words, aging effects appeared as subtle dedifferentiation

within the somatosensory maps, while ALS effects were manifest at a network level rather than strictly

focal to the initially affected region in the sensorimotor cortex. Below, these outcomes are discussed

in light of prior high-resolution fMRI studies and relevant literature.

6.1 Reorganization in Healthy Aging: Fine-Scale Changes

and Dedifferentiation

High-resolution 7T-fMRI revealed that older adults maintain overall topographic mapping of the body

in SI, but show altered fine-scale organization compared to young adults [45]. The thesis provided

the first evidence that the columnar architechture of human SI changes with age. Using rSRM and

C-SRM, it was found that the number of functinal columns needed to best capture the the finger

specific representation was lower in older adults than in younger adults in BA1, implying that the

cortical clumns become larger in aged somatosensory cortex. This finding of age-enlarged columns

supports the notion that the aging brain may be compensating for peripheral sensory decline by

pooling information over larger areas of cortex. This is consistent with a previous study showing that

older adults exhibit broader receptive fields and less precise somatosensory processing [57].

Another key finding was that older adults exhibited a relative dedifferentiation of finger represen-

tations in SI, as indicated by lower classification accuracy and greater overlap in neural patterns for
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different fingers. This suggests that the aging brain may be less able to maintain distinct representa-

tions for individual fingers, leading to a more blurred or generalized representation of touch. This

is consistent with previous research showing that aging is associated with reduced somatosensory

acuity and poorer tactile discrimination [44, 57]. A particular interesting finding was that the age

group based classification in the left and right hemisphere was above chance levels which aligns with

a prior theory that older brains show less focal activation and more bilateral or diffuse recruitment

(e.g. the HAROLD model of reduced hemispheric asymmetry) [10].

Crucially, these high-resolution findings were only detectable with advanced methods that pre-

serve fine detail without blurring across individuals. Traditional group fMRI analyses require spatial

smoothing and normalization, which can obscure age differences in sub-millimeter functional archi-

tecture. By applying Shared Response Modeling (SRM) to align individuals in a common response

space, it was possible to compare detailed topographic features across age groups. Notably, despite

dedifferentiation, older adults in our study maintained the hierarchical distinction between Brodmann

areas: as in young adults, their BA 3b and BA 1 still showed more precise finger representations than

higher-order area 2. Such preservation of overall map structure alongside local broadening suggests

that the aging SI undergoes targeted reorganization – potentially an experience-driven adjustment to

mitigate declining peripheral or neural precision.

The absence of clear-cut over activation in older cohort, aligns with the structural evidence that

the human sensorimotor cortex allows flexibility: the 3D microstructural architecture of the human

SI hand area is largely non-topographic at the fine scale [24]. Unlike non-human primates, humans

lack firm internal myeloarchitectonic borders for each finger within area 3b, as shown by [24]. All

fingers share a similar layer-specific myelin and iron profile, with no structural separations between

them. This implies the cortex has reduced structural constraints and a high degree of flexibility

for reorganization. In the context of aging, such flexibility could allow cortical circuits to remap

or broaden representations in response to neural attrition or sensory decline, helping to preserve

function. In sum, healthy aging the functional somatosensory maps “blur” slightly and columns

enlarge, reflecting both the loss of specificity and compensatory plasticity within a structurally flexible

cortical framework.

6.2 Functional Disruption in ALS: Network-Level Changes

& Non-Topographic Pattern

Using 7T-fMRI during motor tasks, ALS patients and controls could be distinguished by widely

distributed changes in both activation and connectivity across the motor network [46]. The differences

in brain activity related to ALS were not confined to the cortical representation of the initially affected
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limb. Instead, disease-related functional alterations appeared “atopographic”: the most informative

changes occurred in multiple regions of MI that did not strictly correspond to the patient’s limb onset.

For example, even in patients with hand-onset ALS, the foot and face areas of MI showed the strongest

deviations (in terms of model weights obtaine via PLSR) related to disease severity and progression.

This suggests that ALS is a network-level disorder, where the pathology extends beyond the initially

affected region and involves widespread changes in functional connectivity and activation patterns.

Such a finding is consistent with the known multi-system nature of ALS. Neuroimaging and

neuropathological studies have established that ALS involves a multi-system degeneration extending

beyond the MI [78]. The finding in this thesis aligns with this view: the disease signature was

network-wide, suggesting that once clinical symptoms emerge in one body part, the underlying

disease has likely already impacted interconnected regions of the sensorimotor network [46, 78].

Supporting this, an ultra-high-field MRI study mapping microstructural changes in early ALS found

layer-specific abnormalities throughout MI, rather than a single focal lesion [70]. In that study,

Northall et al. (2024) reported increased iron in deeper layers of MI specifically in the cortical

field corresponding to patients’ limb onset, but also found widespread calcium accumulation in the

low-myelin borders between MI subregions, a pattern not respecting the topographic boundaries

of hand, foot, or face areas. This layer-specific pathology supports a model of ALS spread that is

non-topographic – pathological processes (e.g. calcium-mediated degeneration) appear to propagate

along cortical pathways that link multiple body representations. The functional data used in this thesis

mirror this: the regions between body part representations seem to carry significant disease-related

signals, implying that ALS perturbs the integrated network of motor areas rather than simply eroding

one homuncular segment at a time.

Many ALS resting-state show decreased connectivity within the sensorimotor network and fron-

totemporal networks, alongside increased connectivity in regions like the cerebellum and default-mode

network (possibly reflecting compensatory recruitment) [78, 92]. Through the analysis of task-based

fMRI, we provide additional evidence that motor network activity in ALS exhibits atypical patterns.

Interestingly, we observed an inverted-U pattern of connectivity changes with disease progression:

patients in early stage (King’s stage 2A) showed lower connectivity than controls, those in mid-stage

(2B) showed a paradoxical increase (suggesting transient hyper-connectivity or compensation), and in

late stage (3) connectivity dropped again sharply. This trajectory is consistent with the idea of an early

compensatory upregulation of network connectivity – the brain initially recruits additional circuits

to maintain function as motor neurons are lost, leading to heightened connectivity – followed by a

collapse of connectivity as neurodegeneration overwhelms these compensatory mechanisms. Such a

compensatory early increase has been hinted at by prior studies: for example, Douaud et al. (2011)

found increased functional connectivity in premotor and thalamic networks in ALS, interpreted as

compensatory or disinhibition effects [26].
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Our results extend those resting-state findings to a task context (an area that has been relatively

underdeveloped compared to resting-state studies), implying that during actual movement attempts,

ALS patients initially engage a broader network (perhaps to compensate for weak output), but as the

disease progresses, even this broader network can no longer be enlisted, resulting in connectivity

decline. Clinically, this suggests that maintaining network connectivity in early ALS might prolong

function, whereas loss of network integrity is a harbinger of advanced disease. It also aligns with

EEG/MEG studies showing early changes in oscillatory network activity in ALS [94, 79].

Most existing ALS neuroimaging studies have focused on resting-state fMRI connectivity, owing

in part to the practical challenges of scanning patients during tasks. Resting-state acquisitions are

short, require no active participation, and can be more easily pooled across sites. Indeed, a large body

of ALS literature has mapped intrinsic connectivity alterations – for example, decreased sensorimotor

network coherence and increased default-mode connectivity, as reviewed earlier [78]. However,

resting-state data alone cannot reveal how functional networks perform during active movement or

cognitive engagement. Task-based fMRI provides complementary insight by directly probing the

brain’s ability to execute functions that are failing behaviorally. Our 7T task paradigm (involving

attempted movements of affected and unaffected body parts) proved feasible even for patients and

yielded robust markers of dysfunction. We acknowledge that task-based fMRI in ALS is challenging –

patients’ motor disabilities and fatigue can limit task performance, and severe cases may be unable

to perform tasks at all [103]. These limitations have understandably made resting-state approaches

attractive. Nevertheless, our findings demonstrate that carefully designed tasks (e.g. simple finger or

ankle movements) at high field can successfully capture meaningful network changes. This therefore

calls for more task-based neuroimaging studies in ALS to complement resting-state results.

6.3 Comparative Insights: Aging vs. ALS

To effectively compare the findings from healthy aging and ALS, it is important to note that the two

conditions are not directly comparable. Aging is a gradual process that affects all individuals, while

ALS is a specific neurodegenerative disease with a distinct pathology. However, both conditions

share some commonalities in terms of their effects on the sensorimotor cortex. In both cases, the

sensorimotor cortex exhibits changes in functional organization, but the nature and extent of these

changes differ.

While healthy aging might involve a gradual blurring of functional boundaries, ALS seems

to induce a more significant breakdown of network integrity, often accompanied by compensatory

mechanisms [9]. Studies have reported both increased and decreased functional connectivity in

the sensorimotor network in ALS [115], suggesting a complex pattern of network disruption rather
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than simple dedifferentiation. Notably, research [70] has highlighted layer-specific pathology in

the motor cortex in ALS, particularly affecting layers V and VI, which may be a key differentiator

from the microstructural changes seen in healthy aging. Furthermore, the phenomenon of cortical

hyperexcitability is a well-documented feature of ALS [17], which is not typically observed in healthy

aging to the same extent. This suggests that the nature of sensorimotor cortex reorganization in ALS

involves a combination of neurodegenerative processes, compensatory responses, and altered neuronal

excitability that distinguishes it from the more subtle changes associated with typical aging.

The findings from this thesis suggest that aging and ALS may represent two ends of a spectrum of

functional organization in the sensorimotor cortex. Aging appears to involve a gradual dedifferentiation

and broadening of representations, while ALS leads to more abrupt and widespread disruptions in

network connectivity. This highlights the importance of considering both localized and network-level

changes when studying brain function in aging and neurodegenerative diseases.

6.4 Advanced Multivariate Methods and High-Field Imag-

ing: Benefits and Insights

A unifying theme in our approach was the use of multivariate analytical methods (rSRM, C-SRM,

PLSR) to capitalize on the richness of 7T-fMRI data. Standard univariate analysis often averages

signals over regions or subjects, potentially blurring individual differences or fine-grained effects.

In contrast, rSRM allowed us to align functional data across individuals without spatial smoothing,

preserving sub-millimeter information [99]. By projecting each subject’s 7T responses into a common

low-dimensional space, rSRM made it feasible to perform group comparisons of fine topographies

in the aging and ALS study. The success of this method was evident in our ability to detect subtle

age differences in columnar organization. Furthermore, we introduced a column-specific extension

(C-SRM) to quantify how many distinct columns were present, revealing age effects on cortical

columns. This demonstrates that multivariate decomposition techniques can greatly enhance group-

level analyses in ultra-high-resolution fMRI, where one cannot simply blur or average data as is done

at 3T.

In the ALS study, we employed PLSR to identify the most informative regions for distinguishing

patients from controls. The decision to employ PLSR for modeling and clustering, rather than predic-

tion, in our ALS study was a deliberate one, grounded in the complex nature of this neurodegenerative

condition. ALS is characterized by significant phenotypic heterogeneity, with variations in disease

onset, progression rate, and the specific motor symptoms that manifest [111]. Given this variability,

constructing a predictive model that accurately forecasts disease outcomes across all individuals

with ALS presents a substantial challenge, often requiring very large and carefully stratified datasets.
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Instead, our primary objective was to leverage the strengths of PLSR in identifying latent variables

and grouping individuals based on shared patterns of functional connectivity or activation within

the sensorimotor network [46]. PLSR is particularly well-suited for analyzing high-dimensional

neuroimaging data, such as fMRI, by reducing its complexity and revealing underlying relationships

between brain activity and experimental variables or subject characteristics [14]. This approach

allowed us to explore the intrinsic organization of the sensorimotor network in ALS and identify

distinct subgroups of patients exhibiting similar patterns of functional alteration.

The use of PLSR in our ALS study also aligns with the growing recognition of the need for

individualized approaches in neurodegenerative disease research. By focusing on the shared patterns

of functional connectivity and activation, we aimed to uncover the unique disease signatures that

characterize ALS, which may ultimately inform personalized treatment strategies and improve patient

outcomes. This approach is particularly relevant in the context of ALS, where understanding the

heterogeneity of disease presentation and progression is crucial for developing targeted interventions.

The combination of high-resolution imaging and advanced multivariate methods allowed us to

capture the intricate details of sensorimotor cortical organization in both healthy aging and ALS. By

leveraging the strengths of 7T-fMRI and sophisticated analytical techniques, we were able to uncover

subtle changes in functional organization that would have been difficult to detect using traditional

methods. This highlights the potential of high-field imaging and multivariate approaches to advance

our understanding of brain function in both normal aging and neurodegenerative diseases.

6.5 Challenges and Limitations

We acknowledge several limitations in our study. The relatively small sample size, particularly of ALS

patients, limits the generalizability of our findings (though they are supported by exiting literature).

Recruiting patients in the early stages of ALS is especially challenging, so our cohort was small and

may not represent the full spectrum of the disease. Small sample sizes can undermine statistical power

and the replicability of results in fMRI research. These factors constrain the conclusions we can draw

from our data.

Moreover, the demands of task-based fMRI imposed additional constraints. Advanced ALS

patients often have difficulty performing precise or prolonged movements, which can compromise

data quality. During scanning, factors such as muscle fatigue or slowness may have introduced

variability. We chose overt finger-movement tasks to directly probe sensorimotor function, but this

approach has trade-offs: motor impairments could confound task performance, and strict performance

requirements may bias the sample toward higher-functioning participants.
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Methodologically, our reliance on overt movement tasks represents a trade-off. While overt tasks

provide clear behavioral paradigms, they require patient compliance and exclude those unable to

move. By contrast, resting-state fMRI or motor imagery paradigms reduce movement demands but

introduce interpretive challenges, as spontaneous or imagined activity may engage different neural

circuits. Future work should consider comparing these approaches to better accommodate patient

limitations while capturing relevant neural dynamics.

Another limitation is our narrow anatomical focus. We limited analysis to primary sensorimotor

regions to target the motor cortex and somatosensory cortex specifically. However, age-related

and ALS-related changes likely involve broader neural networks, including premotor, parietal, or

subcortical regions. By focusing on the sensorimotor cortex alone, we may have overlooked important

changes elsewhere. Future studies might use whole-brain analyses or include additional cortical

areas to provide a more complete view of functional reorganization. We also recognize technical and

analytical constraints. We used advanced multivariate alignment methods (such as SRM and C-SRM)

to improve cross-subject alignment, but these complex models complicate interpretation; it is not

always clear how the transformations affect the observed patterns.

Moreover, the fMRI BOLD signal is an indirect proxy for neural activity. Because BOLD depends

on hemodynamic changes, it has limited temporal precision (on the order of seconds) and can be

influenced by vascular factors. These constraints mean we cannot directly infer fast neural dynamics

from our data. To address these limitations, future work should integrate complementary approaches

and collaborations. Multimodal imaging — for example, combining fMRI with EEG or MEG for

higher temporal resolution, or with diffusion MRI for structural connectivity — could compensate for

the weaknesses of any single modality. Larger, multicenter studies would also be beneficial: pooling

data across sites can increase sample size, improve statistical power, and capture a more diverse

patient population. Such collaborative efforts would enable longitudinal tracking of ALS progression

and strengthen the validity of any biomarkers identified.

6.6 Implications for Future Research and Clinical Applica-

tions

To better understand the distinct and shared mechanisms underlying changes in the sensorimotor

cortex, future research should include studies directly comparing the longitudinal progression of

functional changes in healthy aging and ALS within the same individuals (if feasible) or using

carefully matched cohorts. Additionally, multimodal investigations combining fMRI, Diffusion

Tensor Imaging (DTI), and MEG/EEG could identify unique and overlapping microstructural and

electrophysiological correlates of the observed functional changes in both aging and ALS. Table 6.1
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outlines concrete projects that flow from this work, from longitudinal column tracking in ageing to

multimodal biomarkers in ALS.

Research Ques-
tion/Area

Suggested fMRI
Technique(s)

Potential Multivari-
ate Methods

Significance/ Ratio-
nale

Functional impair-
ments in sensory-
motor and cognitive
domains

Task-based paradigms MVPA, PLSR Identify functional
deficits and precision
loss to guide targeted
interventions.

Changes in cortical
columnar organization

Ultra-high-field (7T)
task-based fMRI

SRM, Column-based
decoding

Detect early biomark-
ers or adaptive mecha-
nisms through column-
level disruptions.

Longitudinal tracking
of cortical network
changes

Resting-state, Task-
based fMRI

Dynamic functional
connectivity, PLSR,
ICA

Track connectivity
changes for early
biomarkers of ALS
progression and aging
decline.

Integration of struc-
tural and functional
cortical changes

Multimodal (fMRI +
Structural MRI/DTI)

Joint ICA, Parallel
ICA

Link structural and
functional changes to
understand neurode-
generation and aging.

Identification of
neuroimaging-based
subgroups and clinical
phenotypes

Task-based, Resting-
state fMRI

Clustering algorithms,
PLSR

Personalize diagnos-
tics and treatment
strategies.

Neuroimaging-guided
therapeutic interven-
tions

Task-based fMRI SRM, PLSR To evaluate and
develop interventions,
such as targeted
cognitive training or
neurofeedback, aimed
at refining cortical
representations and
compensatory mech-
anisms impaired by
ALS or aging.

Table 6.1 Potential Future Research Directions for fMRI in ALS & Aging
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6.7 Conclusion

Synthesizing the two lines of investigation, we see that aging and ALS each provoke distinct changes

in the sensorimotor cortex—yet in both cases, the disruptions are best understood by looking beyond

localized activity. In aging, the overall topographic framework endures while granularity declines,

consistent with compensatory broadening of cortical representation. In ALS, functional connectivity

dissolves in a non-topographic pattern, often preceding overt clinical symptoms in certain regions.

These findings suggest that neuroimaging should increasingly emphasize network-level metrics

and columnar precision when studying age-related or disease-related brain changes. In turn, the

robust alignment and dimensionality-reduction techniques showcased here provide a roadmap for

future studies aiming to detect nuanced shifts in brain organization at ultra-high spatial resolution.

Such research is essential to moving from purely observational science to targeted strategies for

intervention—be it rehabilitative therapies for older adults or novel diagnostic and tracking tools in

ALS. In short, leveraging multivariate, high-resolution neuroimaging offers a powerful window into

the functional architecture of the human sensorimotor cortex under both normal and pathological

conditions, illuminating pathways toward improved clinical outcomes and deeper theoretical insights.
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[17] Chmiel, J. and Stępień-Słodkowska, M. (2025). Resting-state eeg oscillations in amyotrophic
lateral sclerosis (als): Toward mechanistic insights and clinical markers. Journal of Clinical
Medicine, 14(2):545.

[18] Cosottini, M., Donatelli, G., Costagli, M., Ienco, E. C., Frosini, D., Pesaresi, I., Biagi, L.,
Siciliano, G., and Tosetti, M. (2016). High-resolution 7t mr imaging of the motor cortex in
amyotrophic lateral sclerosis. American journal of neuroradiology, 37(3):455–461.

[19] Dash, D., Teplansky, K., Ferrari, P., Babajani-Feremi, A., Calley, C. S., Heitzman, D., Austin,
S. G., and Wang, J. (2024). Automatic detection of als from single-trial meg signals during speech
tasks: a pilot study. Frontiers in Psychology, 15:1114811.

[20] De Marchi, F., Carrarini, C., De Martino, A., Diamanti, L., Fasano, A., Lupica, A., Russo, M.,
Salemme, S., Spinelli, E. G., and Bombaci, A. (2021). Cognitive dysfunction in amyotrophic
lateral sclerosis: can we predict it? Neurological Sciences, 42(6):2211–2222.

[21] De Martino, F., Moerel, M., Xu, J., et al. (2018). High-resolution functional mri at 7t: Challenges
and solutions. NeuroImage, 168:330–341.

[22] de Moraes, F. H. P., Sudo, F., Carneiro Monteiro, M., de Melo, B. R., Mattos, P., Mota, B., and
Tovar-Moll, F. (2024). Cortical folding correlates to aging and alzheimer’s disease’s cognitive and
csf biomarkers. Scientific Reports, 14(1):3222.

[23] Diedrichsen, J., Wiestler, T., and Krakauer, J. W. (2013). Two distinct ipsilateral cortical
representations for individuated finger movements. Cerebral Cortex, 23(6):1362–1377.

[24] Doehler, J., Northall, A., Liu, P., Fracasso, A., Chrysidou, A., Speck, O., Lohmann, G., Wolbers,
T., and Kuehn, E. (2023). The 3d structural architecture of the human hand area is nontopographic.
Journal of Neuroscience, 43(19):3456–3476.



References 79

[25] Donatelli, G., Costagli, M., Cecchi, P., Migaleddu, G., Bianchi, F., Frumento, P., Siciliano, G.,
and Cosottini, M. (2022). Motor cortical patterns of upper motor neuron pathology in amyotrophic
lateral sclerosis: A 3 t mri study with iron-sensitive sequences. NeuroImage: Clinical, 35:103138.

[26] Douaud, G., Filippini, N., Knight, S., Talbot, K., and Turner, M. R. (2011). Integration of
structural and functional magnetic resonance imaging in amyotrophic lateral sclerosis. Brain,
134(12):3470–3479.

[27] Eisen, A. (2021). The dying forward hypothesis of als: tracing its history. Brain sciences,
11(3):300.

[28] Evans, A. C., Janke, A. L., Collins, D. L., and Baillet, S. (2012). Brain templates and atlases.
Neuroimage, 62(2):911–922.

[29] Filippi, M., Basaia, S., Canu, E., Imperiale, F., Magnani, G., Falautano, M., Comi, G., Falini, A.,
and Agosta, F. (2020). Changes in functional and structural brain connectome along the alzheimer’s
disease continuum. Molecular psychiatry, 25(1):230–239.

[30] Fischl, B. (2012). Freesurfer. Neuroimage, 62(2):774–781.

[31] Fjell, A. M., Walhovd, K. B., Westlye, L. T., Østby, Y., Tamnes, C. K., Jernigan, T. L., Gamst,
A., and Dale, A. M. (2010). When does brain aging accelerate? dangers of quadratic fits in
cross-sectional studies. Neuroimage, 50(4):1376–1383.

[32] Gardner, E. P., Martin, J. H., et al. (2000). Coding of sensory information. Principles of neural
science, 4:411–429.

[33] Glasser, M. F., Coalson, T. S., Robinson, E. C., Hacker, C. D., Harwell, J., Yacoub, E., Ugurbil,
K., Andersson, J., Beckmann, C. F., Jenkinson, M., et al. (2016). A multi-modal parcellation of
human cerebral cortex. Nature, 536(7615):171–178.

[34] Guntupalli, J. S., Feilong, M., and Haxby, J. V. (2018). A computational model of shared
fine-scale structure in the human connectome. PLoS computational biology, 14(4):e1006120.

[35] Haxby, J. V. (2012). Multivariate pattern analysis of fmri: the early beginnings. Neuroimage,
62(2):852–855.

[36] Haxby, J. V., Guntupalli, J. S., Halchenko, Y. O., Conroy, B. R., Gobbini, M. I., Hanke, M., and
Ramadge, P. J. (2014). Decoding neural representational spaces using multivariate pattern analysis.
Annual Review of Neuroscience, 37:435–456.

[37] Haxby, J. V., Guntupalli, J. S., Nastase, S. A., and Feilong, M. (2020). Hyperalignment:
Modeling shared information encoded in idiosyncratic cortical topographies. elife, 9:e56601.

[38] He, J. L., Fuelscher, I., Coxon, J., Chowdhury, N., Teo, W.-P., Barhoun, P., Enticott, P., and Hyde,
C. (2019). Individual differences in intracortical inhibition predict motor-inhibitory performance.
Experimental brain research, 237:2715–2727.

[39] Huber, L., Finn, E. S., Handwerker, D. A., Bönstrup, M., Glen, D. R., Kashyap, S., Ivanov,
D., Petridou, N., Marrett, S., Goense, J., et al. (2020). Sub-millimeter fmri reveals multiple
topographical digit representations that form action maps in human motor cortex. Neuroimage,
208:116463.



80 References

[40] Huber, L. R., Poser, B. A., Bandettini, P. A., Arora, K., Wagstyl, K., Cho, S., Goense, J.,
Nothnagel, N., Morgan, A. T., van den Hurk, J., et al. (2021). Laynii: A software suite for
layer-fmri. NeuroImage, 237:118091.

[41] In, M.-H., Posnansky, O., and Speck, O. (2016). Psf mapping-based correction of eddy-current-
induced distortions in diffusion-weighted echo-planar imaging. Magnetic resonance in medicine,
75(5):2055–2063.

[42] Janko, D., Thoenes, K., Park, D., Willoughby, W., Horton, M., and Bolding, M. (2022). Soma-
totopic mapping of the fingers in the somatosensory cortex using functional magnetic resonance
imaging: A review of literature. Frontiers in Neuroanatomy, 16:866848.

[43] Kaas, J. H. (2004). Somatosensory system. The human nervous system, pages 1059–1092.

[44] Kalisch, T., Ragert, P., Schwenkreis, P., Dinse, H. R., and Tegenthoff, M. (2009). Impaired
tactile acuity in old age is accompanied by enlarged hand representations in somatosensory cortex.
Cerebral Cortex, 19(7):1530–1538.

[45] Kalyani, A., Contier, O., Klemm, L., Azañon, E., Schreiber, S., Speck, O., Reichert, C., and
Kuehn, E. (2023). Reduced dimension stimulus decoding and column-based modeling reveal
architectural differences of primary somatosensory finger maps between younger and older adults.
NeuroImage, 283:120430.

[46] Kalyani, A., Northall, A., Schreiber, S., Brüggemann, J., Vielhaber, S., Al Dubai, M., Benra-
madan, A., Mattern, H., Speck, O., Reichert, C., et al. (2025). Individualized phenotyping of
functional als pathology in sensorimotor cortex. bioRxiv, pages 2025–01.

[47] Kandel, E. R., Schwartz, J. H., Jessell, T. M., Siegelbaum, S., Hudspeth, A. J., Mack, S., et al.
(2000). Principles of neural science, volume 4. McGraw-hill New York.

[48] Kassraian, P., Rabe, F., Enz, N., Maathuis, M., and Wenderoth, N. (2022). Prior information
improves tactile representation in primary somatosensory cortex. bioRxiv, pages 2022–10.

[49] Kolasinski, J., Makin, T. R., Jbabdi, S., Clare, S., Stagg, C. J., and Johansen-Berg, H. (2016).
Investigating the stability of fine-grain digit somatotopy in individual human participants. Journal
of Neuroscience, 36(4):1113–1127.

[50] Kreitz, S., Mennecke, A., Konerth, L., Rösch, J., Nagel, A. M., Laun, F. B., Uder, M., Dörfler, A.,
and Hess, A. (2023). 3t vs. 7t fmri: capturing early human memory consolidation after motor task
utilizing the observed higher functional specificity of 7t. Frontiers in Neuroscience, 17:1215400.

[51] Krishnan, A., Williams, L. J., McIntosh, A. R., and Abdi, H. (2011). Partial least squares (pls)
methods for neuroimaging: A tutorial and review. NeuroImage, 56(2):455–475.

[52] Kuehn, E., Dinse, J., Jakobsen, E., Long, X., Schäfer, A., Bazin, P.-L., Villringer, A., Sereno,
M. I., and Margulies, D. S. (2017). Body topography parcellates human sensory and motor cortex.
Cerebral Cortex, 27(7):3790–3805.

[53] Kuehn, E., Haggard, P., Villringer, A., Pleger, B., and Sereno, M. I. (2018). Visually-driven
maps in area 3b. Journal of Neuroscience, 38(5):1295–1310.

[54] Kuehn, E. and Pleger, B. (2020a). Encoding schemes in somatosensation: from micro-to
meta-topography. NeuroImage, 223:117255.



References 81

[55] Kuehn, E. and Pleger, B. (2020b). Will 7t fMRI benefit clinical neuroscience? Frontiers in
Human Neuroscience, 14:234.

[56] Kwan, J. Y., Jeong, S. Y., Van Gelderen, P., Deng, H.-X., Quezado, M. M., Danielian, L. E.,
Butman, J. A., Chen, L., Bayat, E., Russell, J., et al. (2012). Iron accumulation in deep cortical
layers accounts for mri signal abnormalities in als: correlating 7 tesla mri and pathology. PloS one,
7(4):e35241.

[57] Liu, P., Chrysidou, A., Doehler, J., Hebart, M. N., Wolbers, T., and Kuehn, E. (2021). The
organizational principles of de-differentiated topographic maps in somatosensory cortex. Elife,
10:e60090.

[58] Lockhart, S. N. and DeCarli, C. (2014). Structural imaging measures of brain aging. Neuropsy-
chology review, 24:271–289.

[59] Lohmann, G., Margulies, D. S., Horstmann, A., Pleger, B., Lepsien, J., Goldhahn, D., Schloegl,
H., Stumvoll, M., Villringer, A., and Turner, R. (2010). Eigenvector centrality mapping for
analyzing connectivity patterns in fmri data of the human brain. PloS one, 5(4):e10232.

[60] Lohmann, G., Müller, K., Bosch, V., Mentzel, H., Hessler, S., Chen, L., Zysset, S., and von
Cramon, D. Y. (2001). Lipsia—a new software system for the evaluation of functional magnetic
resonance images of the human brain. Computerized medical imaging and graphics, 25(6):449–
457.

[61] Luo, C., Chen, Q., Huang, R., Chen, X., Chen, K., Huang, X., Tang, H., Gong, Q., and Shang,
H.-F. (2012). Patterns of spontaneous brain activity in amyotrophic lateral sclerosis: a resting-state
fmri study.
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