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Individualized phenotyping of functional 
amyotrophic lateral sclerosis pathology in 
sensorimotor cortex
Avinash Kalyani,1,2,3,4 Alicia Northall,1,5 Stefanie Schreiber,2,6 Jascha Brüggemann,7
Stefan Vielhaber,6 Marwa Al Dubai,6 Abrar Bin Ramadan,6 Hendrik Mattern,2,7,8

Oliver Speck,2,7,8,9,10 Christoph Reichert9 and Esther Kuehn1,3,4,8

Amyotrophic lateral sclerosis (ALS) is a progressive neurodegenerative disease characterized by the loss of motor neurons in primary motor cortex, 
leading to muscle weakness, atrophy and death within a median of 3 years. Even though ALS is characterized by different disease subtypes affecting 
different body parts, individualized phenotyping of functional ALS pathology has so far not been achieved. We recorded 7 Tesla functional MRI 
data while ALS patients and matched controls moved affected and non-affected body parts in the MR scanner. We applied robust Shared Response 
Modelling for capturing ALS-specific shared responses for group classification, and Partial Least Squares regression for relating the latent variables to 
clinical subtypes and the degree of disease progression. We show that disease onset and severity can be best modelled by functional connectivity rather 
than local activation changes. We also show that functional disease-defining information in primary motor cortex is not the strongest in the area that 
is behaviourally first-affected, deviating from the behavioural phenotype of the patients. When computing the model’s weight distribution of the 
King stage classification and projecting them back into voxel space, the highest mean weights are present in the foot and tongue/face regions. 
Our data highlight the importance of 7 Tesla functional MRI task-based functional connectivity measures for classifying ALS patients in addition 
to structural readouts and provides evidence that a 7 Tesla functional MRI can be used for identifying a disease signature of each individual ALS 
patient.
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Graphical Abstract

Introduction
Amyotrophic lateral sclerosis (ALS) is the most common form of 
motor neuron disease. It is characterized by progressive muscle 
weakness and atrophy, ultimately leading to death with a median 
survival time of 3–5 years from disease onset.1,2 Both upper and 
lower motor neuron degeneration contribute to the classical ALS 
phenotype, while some patients present with a specific motor neu
ron phenotype. Behaviourally, ALS presents with a topographic dis
ease phenotype, in which symptoms initially present focally in one 
body part. This onset is highly varied between patients, with rough
ly equal numbers experiencing onset in the head/face area (bulbar 
onset), the arms and hands (upper limb onset), or the legs and 
feet (lower limb onset).3 According to the current dominant 
view, the disorder then progressively spreads to other body parts 
over the course of the disease, typically ending with bulbar and re
spiratory involvement.4 A functional signature of ALS in affected 
sensorimotor cortex, however, is so far lacking.

This topographic disease profile is partly reflected by microstruc
tural alterations in the primary motor cortex (MI) that can be de
scribed in vivo. Using 7T-MRI, a recent study showed that iron 
accumulation in the deeper layers of MI is the highest in the area 
that represents the first affected body part.5 However, other micro
structural changes, such as calcium accumulation in upper layers, 
appear atopographic in MI.5 In addition, low-myelin borders that 
usually separate major body part representations in MI and hence 
are always located between two body part regions5,6 show early cal
cium accumulation and also degenerate early in ALS,5 which may 
speak against a strictly topographic disease profile. Despite its clin
ical significance, the individual functional topographic and/or 

atopograhic signature of ALS patients has not been described in 
great detail. This is a critical limitation, as the functional signature 
of ALS in the sensorimotor cortex is expected to show a clear rela
tionship to behavioural impairments and disease spread and may 
more dynamically respond to treatments compared to structural 
measures. For instance, studies have shown that disruptions in 
functional connectivity can be detected before significant structural 
changes are observed in the brain.7 This pattern has been noted in 
various neurodegenerative conditions, including Alzheimer’s dis
ease and Parkinson’s disease, where early functional impairments 
can serve as indicators of subsequent structural degeneration.8

Understanding these functional signatures could allow for monitor
ing disease progression or the effectiveness of new medications with 
clear functional output metrics. However, to achieve this, we first 
need a clear understanding of the functional signature of ALS in 
the human sensorimotor system, which is so far lacking.

Recent advances in neuroimaging techniques, particularly 
7T-fMRI, have provided new avenues for describing small-scale cir
cuits of the sensorimotor system in living participants and pa
tients.9,10 Compared to standard 3T-fMRI, 7T-fMRI offers 
higher spatial and temporal resolution, providing images of func
tional brain networks and topographic activation that are more pre
cise,11 which allows detecting subtle changes in brain activity that 
might otherwise be missed. Additionally, the shortened T2 relax
ation rates at higher field strengths, such as 7T, improve the sensi
tivity of BOLD fMRI, making it especially beneficial for capturing 
fine-grained neural dynamics and subtle differences in activation 
patterns. These advantages make 7T-fMRI a powerful tool for 
studying neurodegenerative diseases like ALS, where early and loca
lized changes in brain function are critical for understanding disease 
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progression. Moreover, since ALS patients often have difficulties re
maining still for extended time periods, the ability of 7T-fMRI to 
obtain high-quality images in a shorter amount of time is a signifi
cant advantage, making it a superior choice for studying the intri
cate neural correlates of ALS. Nevertheless, few studies have 
employed 7T-MRI for studying MI pathology in a group of ALS 
patients, and most are confined to structural measures.5,12-14 The 
few functional 7T-MRI studies that exist only measured resting 
state activation but did not probe the sensorimotor cortex when 
in action15 and leave it open which functional variables best reflect 
disease progression.16

7T-fMRI patient studies come with their own set of challenges. 
One key challenge is to extract ultra-high resolution functional time 
series at the single patient level that represents the mesoscale archi
tecture of the task representations but to nevertheless conduct 
group statistics to compare a single patient’s profile to average func
tional patterns, as well as to clinical variables. Such computations 
require advanced statistical and computational methods that allow 
preserved resolution at the single patient level, in addition to com
paring extracted functional patterns across patients. While univari
ate methods [e.g. voxel-wise t-tests or general linear models 
(GLMs)] are widely used and valuable in many fMRI studies, 
they often lack the sensitivity to detect distributed and subtle altera
tions in functional organization particularly in small, heterogeneous 
clinical cohorts and high-dimensional 7T data.

To address these challenges and to take full advantage of the 
ultra-high-resolution images, we aimed to employ techniques that 
can effectively handle high-dimensional fMRI datasets, namely ro
bust Shared Response Modelling (rSRM)17,18 and Partial Least 
Square Regression (PLSR).19,20 We used the former (i.e. rSRM) 
to capture group specific shared neural responses for classifying 
ALS versus control participants, and the latter (i.e. PLSR) to iden
tify the functional architecture of ALS that is associated with dis
ease progression.

rSRM is a multivariate method designed to capture shared neural 
patterns across subjects, even in the presence of individual variabil
ity.18 Unlike traditional alignment approaches, rSRM identifies a 
low-dimensional shared space that represents common neural re
sponses, while discarding individual-specific components, such as 
noise or anatomical differences. This makes rSRM particularly sui
ted for ultra-high field (7T) fMRI data, where inter-subject variabil
ity can obscure shared functional signatures. By aligning neural 
responses across groups, rSRM enables direct comparisons of func
tional architectures, such as those observed in ALS patients versus 
controls, and enhances the detection of group-specific patterns rele
vant to disease classification.

PLSR, on the other hand, is a multivariate regression method sui
ted for high-dimensional data that has been widely used across 
disciplines such as social science, bioinformatics and neurosci
ence.19,21,22 PLSR projects the functional response and the covari
ables (i.e. measures of disease progression) into a new space formed 
by its latent variables. To target the question of the a/topographic 
profile of functional markers, we used functional activation trig
gered by body part movements (hands, feet, lip/tongue) as well as 
the associated network centrality [i.e., Eigenvector centrality map
ping (ECM)23], while, we used different markers of ALS disease 
progression measured by neurologists (i.e. ALSFRS-R, PUMNS) 

as covariables. In addition, we tracked functional changes of a sub
set of patients over time. Given PLSR can handle high-dimensional 
data, it is an ideal method for extracting relevant features from com
plex 7T-fMRI data, and for computing relationships between fea
ture dimensions and behavioural as well as clinical profiles.19-21,24

Combining these approaches provides valuable insights into the 
functional signature of the disease across different topographic lo
cations and disease stages.

Specifically, using 7T-fMRI, we tested if (1) participants can be 
successfully classified into ALS patients versus controls based on 
their functional profile of the sensorimotor cortex recorded during 
body part movements, (2) there are latent variables in the functional 
time series that reflect disease severity and site of onset, and if so, if 
they become most evident in functional activation or functional 
connectivity changes and (3) disease-defining functional informa
tion is specific to the first-affected location in the sensorimotor cor
tex (i.e. topographic, reflecting the iron accumulation) or not 
specific to the first-affected location in the sensorimotor cortex 
(i.e. atopographic, reflecting the calcium accumulation and the early 
affected low-myelin borders), and whether there is any location in 
MI that is highly predictive of the severity of the disorder irrespect
ive of onset site. The results of our study contribute to a deeper un
derstanding of the neural mechanisms underlying ALS and offer 
potential functional neuronal signatures that characterize the dis
ease for future clinical applications.

Methods
An overview of the methodologies applied and the experimental ap
proach is depicted in Fig. 1.

Participants
We acquired fMRI data from n = 14 ALS patients (6 females, age: 
mean = 56.07 years, SD = 15.62 years) and n = 12 matched healthy 
controls (6 females, age: mean = 61.1 years, SD = 11.9 years). The 
patients were recruited from the University Hospital Magdeburg, 
Jena and Dresden and participated in the study between June 
2018 and January 2024. The patients were first scanned after their 
first diagnosis of ALS. Controls were individually matched to a sub
set of 12 of the patients based on age [±2 years; t(22) = −0.15, P =  
0.883], handedness, gender and years of education [±4 years; pa
tients: mean = 14.5 years, SD = 2.7 years; controls: mean = 15.4 
years, SD = 2.7 years; t(22) = −0.82, P = 0.422]. For two patients, 
matched controls could not be acquired due to a scanner software 
upgrade (from syngo MR B17 to VE12U) that occurred during the 
data collection period, which could have introduced inconsistencies 
in data comparability. Participants and patients underwent one 
7T-MRI scan as well as behavioural assessments. Clinical assess
ments were performed by an experienced neurologist with the pa
tients only. Among the patients, n = 8 had upper limb onset, n =  
3 had lower limb onset and n = 3 had a bulbar onset (considered bi
lateral, see Table 1). n = 3 patients were scanned a second (and 
third) time to allow tracking of disease progression (P1: after 5 
months, P6: after 7 months, P4: after 8 months, after 2 years and 
4 months). Healthy matched controls were recruited from the 
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DZNE database in Magdeburg, Germany, with exclusion criteria 
including sensorimotor deficits, neurological disorders and contra
indications for 7T MRI. Note that the structural [MP2RAGE, 
Quantitative Susceptibility Mapping (QSM)] data of X patients 
and X controls was previously published.5 All participants and pa
tients provided written informed consent prior to being scanned 
and were compensated for their participation. The study was ap
proved by the local Ethics Committee of the Medical Faculty of 
the University of Magdeburg.

7T MRI data acquisition
MRI data were collected using a 7T MRI scanner (Siemens 
Healthineers) equipped with a 32-channel head coil (Nova 
Medical Inc.) at Otto-von-Guericke University, Magdeburg, 
Germany. The scanner was operated in Research Mode as an 
Investigational Device, allowing access to advanced and non-clinical 
imaging protocols. In a single 7T-MRI session, we acquired whole- 
brain MP2RAGE images with a spatial resolution of 0.7 mm iso
tropic (sagittal slices), with a repetition time (TR) of 4800 ms, 
echo time (TE) of 2.01 ms, field of view (FOV) read of 224 mm, 
flip angles of 5°/3°, inversion times of 900/2750 ms and a band
width of 250 Hz/Px. Additionally, whole-brain functional images 
were obtained with a spatial resolution of 1.5 mm isotropic using 
an EPI gradient-echo blood oxygen level-dependent (BOLD) se
quence comprising 81 slices, with a TR of 2000ms, TE of 25 ms, 
FOV read of 212 mm, interleaved acquisition, GRAPPA factor 
of 2 and a Simultaneous Multi-Slice (SMS) factor of 2.

Functional imaging encompassed a blocked design paradigm, 
comprising 12-s periods of body part movements (left/right foot: 
moving the toes, left/right hand: tapping the fingers, tongue/face: 
moving the tongue against the lip while having the mouth closed) 
interspersed with 15-s rest intervals (see5 for more details). 
Participants underwent pre-scan training to familiarize themselves 
with the movements, and visual cues were provided within the scan
ner (grey background, black colour) to prompt specific movements 
(e.g. ‘prepare left hand’, ‘move left hand’). Each movement was 

repeated four times, resulting in a single run of a total 20 trials. 
Fingerless braces were worn to minimize hand movements during 
scanning. We also acquired whole-brain, 0.5 mm isotropic reso
lution susceptibility-weighted (SWI) images in 10/14 patients 
(transversal slices, repetition time = 22 ms, echo time = 9 ms, field 
of view read = 192 mm, flip angle = 10°, bandwidth = 160 Hz/ 
Px), as two patients could not be scanned any longer due to fatigue 
and discomfort (note that the SWI sequence was measured last). 
The total duration of the scanning session was ∼75 min.

Clinical assessments
The ALS Functional Rating Scale-Revised (ALSFRS) is a widely used 
tool to measure the severity of ALS, consisting of subscores for fine 
motor function, gross motor function, bulbar and respiratory func
tion.25 Lower total scores on the ALSFRS indicate greater disease se
verity and functional impairment. On average, the ALSFRS score for 
the patients in this study was 41.1 (SD = 5.7, range: 25–47).

The King’s College (KC) Staging System categorizes the progres
sion of ALS based on the ALSFRS score, offering a structured way 
to assess the involvement of different body regions over time. King’s 
stage 1 consists of functional involvement of 1 central nervous sys
tem (CNS) region, while Stages 2 and 3 correspond to functional 
involvement of 2 and 3 CNS regions, respectively.26,27 In this study, 
this categorization is referred to as King’s Stage.

The PUMNS is a clinical measure used to assess signs of upper 
motor neuron involvement in ALS patients. It quantifies the degree 
of upper motor neuron impairment, with higher scores indicating 
greater impairment.28 In this study, the PUMNS ranged from 0 
to 22, with a mean score of 6.92 and a standard deviation (SD) 
of 7.46. This wide range reflects the variability in upper motor neu
ron involvement among the participants.

Pre-processing of fMRI data
The pre-processing, conducted in Statistical Parametric Mapping 
12 (SPM12), included motion correction, smoothing with a 

Table 1 Clinical and demographic information on ALS patients.

Patient Age Gender Matched control Onset type ALSFRS-R total King’s stage PUMNS

P1a 50 F Yes UL 44 1 1
P2 74 F Yes LL 25 3 22
P3 36 M Yes LL 45 1 15
P4a 48 M Yes UL 37 2 2
P5 53 M Yes B 33 3 2
P6a 66 M Yes UL 41 2 3
P7 60 M Yes UL 40 1 11
P8 52 F Yes UL 42 2 16
P9 64 F Yes B 47 1 1
P10 77 F Yes UL 35 1 0
P11 72 F Yes B 46 1 1
P12 73 M Yes UL 34 2 9
P13 25 M No UL 33 3 7
P14 35 M No LL 17 3 12

Onset type reflects upper limb (UL), lower limb (LL), or bulbar (B) onset site. The ALS Functional Rating Scale-Revised (ALSFRS-R) indicates disease severity, where lower 
values indicate greater impairment, with subscores for fine, gross, bulbar motor and respiratory function. The King’s stage indicates the stage of disease progression 
based on the ALSFRS-R score, where Stage 1 reflects the involvement of one body part and that a clinical diagnosis has taken place, while Stage 2 and Stage 3 reflect the 
subsequent involvement of second and third body parts, respectively. The Penn Upper Motor Neuron Scale (PUMNS) score indicates clinical signs of upper motor neuron 
involvement, with higher scores indicating greater impairment (mean = 6.92, SD = 7.46, range: 0–22). F, female; M, male; P, patient. aPatients scanned more than once.
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2 mm full-width at half maximum (FWHM) kernel and slice-time 
correction.5 Co-registration with anatomical 7T MP2RAGE image 
was executed in ITK-SNAP (v3.8.0),29 with manual adjustments 
based on anatomical landmarks as needed. For group-level analysis, 
we registered all subjects’ anatomical and co-registered functional 
data to MNI space after skull-stripping using ANTs’ standard 
‘antsRegistrationSyN.sh’ script.30 This script performs rigid, affine 
and SyN registrations to the MNI 152 template.31,32

Statistical analysis
Functional activation
Prior to statistical analysis, we subjected the fMRI time series to 
band-pass filtering within the frequency range of 0.01–0.1 Hz. In 
SPM12, a first-level GLM was then applied to produce t-statistic 
maps for each body part involved in the task (for example, left 
hand, right hand, left foot, right foot and tongue/face). This pro
cess creates subject-specific activations for cortical fields relevant 
to the disease, i.e. the left hand, the right hand, the left foot, the 
right foot and the face area.5,33 These activation maps were then 
used as predictors in the model to categorize disease stages.

Generating functional localizer masks within the 
sensorimotor cortex
Further group-level analysis involved generating localizer masks 
from the registered task fMRI data to isolate the most significant 
1500 voxels for each distinct body part using the t-maps generated 
from the GLM analysis. This approach ensured that all ROIs had 
the same size, and patients who performed movements with re
duced speed and/or strength compared with the controls were 
not disadvantaged in the analysis. For combining masks across sub
jects, a more stringent approach was applied: masks for each body 
part were intersected across all subjects, retaining only voxels that 
were consistently active in every subject. The resulting combined 
mask was then refined by identifying the largest connected cluster 
within this intersection using a connected component analysis. 
This method ensured that only the most robust and consistently ac
tivated regions were included for each body part (hand, tongue/face 
and foot), focusing on areas that are most relevant to disease 
progression.

Functional connectivity analyses
For functional connectivity analyses, we used Eigenvector 
Centrality Mapping (ECM), which is an analysis technique that 
measures the influence of a brain region within the entire network 
by considering both the number and quality of its connections. In 
the context of neuroimaging, ECM identifies key brain regions that 
act as hubs in neural communication pathways and may likewise 
identify areas of reduced functional communication that character
ize affected areas in MI in ALS patients. This method assigns higher 
centrality values to regions that are extensively connected to other 
well-connected regions, thus highlighting areas critical for informa
tion flow and integration across the brain.34 Utilizing Lipsia,35 we 
generated EC maps to visualize and quantify the centrality of 
each voxel within the brain network, defined by the combined func
tional localizer masks for all the movements (left and right hand, 
foot and tongue/face), facilitating the identification of neural 

hubs that may be crucial for disease progression. The EC map 
was used as the second predictor for categorizing the disease stages 
(besides the activity profile) to test which of the two reflect better 
disease severity and site of onset [see hypothesis (2)].

In addition, seed-based functional connectivity was assessed 
across functionally localized regions by selecting seeds based on 
t-maps specific to task conditions. Each seed, defined by a radius 
of five voxels, provides averaged time series signals, and a dot prod
uct correlation was performed by correlating these signals with the 
time series from other voxels within the combined localizer mask. 
The resulting correlation values were then used to create a correl
ation map, which was employed in the subsequent analysis. To 
evaluate changes in functional connectivity across different stages 
of ALS, we computed the differences in the dot product correlation 
values between ALS patients and control subjects, averaging the re
sults over all subjects to obtain a distribution of connectivity 
changes across various body parts and disease stages.

Robust shared response modelling for amyotrophic 
lateral sclerosis versus control classification
rSRM is a data-driven method designed to capture shared patterns 
of neural activity across multiple subjects, even in the presence of 
intersubject variability. Unlike traditional approaches that may be 
affected by differences in brain anatomy or individual cognitive 
strategies, rSRM identifies a common low-dimensional shared space 
that aligns brain responses across participants. This method is par
ticularly useful for fMRI studies, where variations in brain anat
omy, noise and subject-specific factors can obscure the detection 
of common neural signatures. By focusing on group-level shared in
formation, rSRM improves the robustness and sensitivity of ana
lyses, making it well suited for tasks like group classification, 
especially in populations with high variability, such as patients 
with neurodegenerative diseases like ALS.

To distinguish between ALS patients and control subjects, we 
employed rSRM, creating two separate models to capture group- 
specific shared information. We refer to these models as rSRM_1 
and rSRM_2, corresponding to the ALS and control groups, re
spectively. Our objective was to establish distinct shared spaces 
that encapsulate the unique neural activity patterns for each group. 
We trained rSRM_1 using functional data from the ALS group and 
rSRM_2 using data from the control group, ensuring that each 
shared space was optimized to capture the group-specific functional 
signatures in a leave-one-out cross validation manner. During train
ing, we utilized task-based fMRI data masked for specific regions 
(e.g. hand, foot, tongue/face) to create the shared spaces.

For each test subject, the functional data was split into two parts 
after rearranging the fMRI time series to ensure synchronization 
across all subjects. The first half of the functional time series was 
treated as Run 1, and the second half as Run 2. Using the training 
data from these runs, we estimated the shared basis and individual 
components separately for both rSRM_1 and rSRM_2. The 
individual term was then discarded to focus solely on the shared 
group-specific features, thereby reducing individual variability 
and emphasizing shared patterns that are more likely to generalize 
across subjects (as shown in study by Kalyani et al.17).

Next, the test subject’s test data were projected into both the 
ALS and control shared spaces using the basis learned during 
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training. This resulted in two sets of projected data one correspond
ing to the ALS group and the other to the control group. These pro
jected datasets were concatenated and served as input features for 
the classifier. By transforming the test data into both shared spaces, 
we ensured that the classifier could leverage group-specific informa
tion to make predictions about whether a subject belonged to the 
ALS or control group. In the classification step, 
leave-one-subject-out cross-validation was employed, with the sub
ject’s group (ALS or control) serving as the class label. This process 
was repeated for all subjects in both groups, enabling the classifier to 
comprehensively learn patterns specific to each group while ac
counting for inter-subject variability. By discarding the individual 
term and focusing on the shared group-level information, our ap
proach effectively utilized the distinct shared neural patterns in 
ALS and control subjects. This allowed us to improve classification 
performance by minimizing individual noise and emphasizing 
disease-specific features. For this binary classification task, the 
chance accuracy was set to 0.5, given the two distinct groups 
involved.

Control analyses: general linear model analysis for 
group comparison
To test whether also conventional univariate analysis methods can 
detect ALS-related alterations in sensorimotor cortex, we per
formed voxel-wise statistical analysis using the GLM as implemen
ted in SPM12. For each participant, first-level GLM analyses were 
conducted to derive contrast estimates for the comparison between 
different body part movements (i.e. left hand movement versus 
other movements, right hand movement versus other movements 
similarly for left/right foot, and tongue). This was done after ana
tomical normalization to the MNI 152 template of SPM 12. 
These contrasts were then submitted to two second-level two- 
sample t-tests comparing ALS patients (n = 12) and healthy con
trols (n = 12) and vice versa. Group-level statistical maps were thre
sholded at P < 0.001 [corrected (FWE) and uncorrected], with a 
minimum cluster extent of 3 voxels.

Partial least squares regression analysis
In order to test whether there are latent variables in the functional 
time series that reflect disease severity and/or disease onset, and if so, 
whether they become more evident in functional activation pat
terns and/or functional connectivity changes, we used PLSR and 
computed the following steps: PLSR projects the response and 
the covariables into a new space formed by its latent variables by de
composing both X matrix (i.e. task activation, connectivity) and y 
(i.e. ALSFRS-R, UMN-Penn scores) of n (= 14) number of subjects 
into orthogonal scores and loadings. The general formulation is gi
ven by:

X = TPT + FX 

Y = UQT + Fy,

where, X = (x1, . . . .xn )T , represents the predictor matrix 
comprising of fMRI time series data of n subjects; 
Y = (y1, . . . .yn )T , represents the response matrix i.e. 

behavioural data (in our case it is ALSFRS scores and 
UMN-Penn scores) . T = (t1, . . . .tL ) and U = (u1, . . . .uL ) 
are the (n × L) matrices of L latent components corresponding to 
X and Y, respectively. The (p × L) matrix P and the (q × L) matrix 
Q are loadings and the (n × p) matrix Fx and the (n × q) matrix Fy 
are the matrices of residuals. Since our objective is to perform least 
squares regression in a low-dimensional latent space, the underlying 
assumption is that the latent component ui can be well predicted 
from ti from a relation such as:

U = TD, 

where, D is the (L × L) matrix. We need to maximize the covariance 
between ti and ui to satisfy the above assumption which produces 
weight matrices W = (w1, . . . .wL ) and C = (c1, . . . .cL ), the 
equation is given by:

max(t,u) cov(t, u) = max(w,c) cov(Xw, Yc), 

Our first aim was to relate functional activation and connectivity 
patterns to clinical outcomes. Our second aim was to group patients 
according to their disease progression (i.e. King’s Stages 1, 2 and 3), 
and the initial site of symptom onset (i.e. upper limb, lower limb 
and bulbar regions). To achieve these goals, we employed two dis
tinct PLSR models in a leave-one-out (LOO) cross-validation man
ner, each tailored to different predictive tasks: estimating ALSFRS 
scores and PUMNS from ECM and functional activation.

We utilized ECM values derived from pre-processed fMRI time 
series data as the independent variable (X), and the ALSFRS scores 
obtained from the patient cohort as the dependent variable (Y) (see 
Fig. 1F). For modelling the PUMNS, we extracted fMRI time series 
data from the combined functionally localized masks specific to 
hand (i.e. both left and right hand regions), foot (i.e. both left 
and right foot regions), and tongue movements (i.e. bulbar region) 
together as the independent variable (X) and the PUMNS scores as 
dependent variable (Y) (see Fig. 1E).

We evaluated the model’s performance by calculating MSE for 
each LOO cross-validation split. This assessment allowed us to pro
ject the test subject data onto the latent-variable space, facilitating 
an analysis of data clustering in relation to disease progression 
and symptom onset. For hypothesis (2), we used the response ma
trix Y, which included ALSFRS scores to predict the disease stage of 
ALS patients and UMN-Penn scores to predict the disease onset. 
For hypothesis (3), we projected the weights back into voxel space 
to determine if the weight distribution was topographic 
or atopographic. Topographic differences in region-wise 
weight distributions were evaluated using a one-way repeated- 
measures ANOVA, followed by Holm-corrected post hoc paired 
comparisons.

Control analysis: QSM- versus ECM-based PLSR
The patients tested here partly overlapped with a previously re
ported patient cohort where structural information was extracted 
to obtain disease-defining information in MI.5 In order to test 
whether structural markers (QSM) and functional connectivity 
(ECM) capture overlapping or distinct disease-defining informa
tion in MI, we conducted a complementary PLSR analysis on 
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two modalities QSM and ECM using data from the n = 8 patients 
for whom both readouts were available. Pre-processed QSM maps5

were spatially normalized to the MNI-152 template used here 
(1 mm isotropic)32 using ANTs’ ‘antsApplyTransforms’ with the 
registration matrices generated in previous steps.

For each modality separately, we arranged the subject-by-voxel 
QSM or ECM values, respectively, into a predictor matrix X, and 
the corresponding ALSFRS-R scores into a response vector Y algo
rithm, decomposed the training set (X_train, Y_train) into latent 
scores (T,U) and loadings (P,Q), and projected the held-out subject 
into that latent space. Model accuracy was assessed by the mean 
squared error (MSE) on the left-out test fold. From each fold’s first 
latent component (LV1), we extracted the absolute loadings within 

each ROI and averaged them across folds to produce modality- 
specific spatial profiles.

To examine how the first two components were distributed 
across our three ROIs at the single-subject level, we then trained 
separate two-component PLS models (PLS_2) for QSM and 
ECM and compared their LV1 and LV2 weight patterns within 
the hand, foot and tongue regions.

Per cent signal change analyses over time
As a final control analysis, we tested whether or not the strength of 
the recorded brain response is related to disease progression. We cal
culated per cent signal change for the subset of ALS patients (n = 3) 
who were measured more than once. Per cent signal change was 

Figure 2 Classification of participants into patients versus controls based on functional activation in sensorimotor cortex: (A) Axial 
brain slices display regions-of-interest (ROIs) used for functional localization. Different colours indicate body parts: blue for left hand 
(LH), red for right hand (RH), light blue for left foot (LF), yellow for right foot (RF), green for tongue/face (bulbar region—B). (B) Bar plots 
show mean classification accuracy for ALS versus controls obtained using rSRM features and an SVM classifier with 
leave-one-subject-out cross-validation. Accuracies are grouped by features extracted from the first clinically affected body-part ROI 
(purple) versus non-first-affected ROIs (orange). The data represent the classification accuracy from one cross-validation fold (i.e. one 
held-out subject) within the corresponding ROI group. Bars show mean ± SEM across folds. Group differences were assessed using a 
two-sample t-test on fold accuracies [t(120) = −3.92, P = 1.50 × 10−4]. The table lists the first affected body part for each (N = 12) ALS 
patient.
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calculated using the rest condition averaged over the sensorimotor 
region of the brain within the two activity blocks as a baseline, and 
the task block as the parameter. This provides information about 
the change in brain activity as the disease progresses (data shown 
in Supplementary Fig. 2, Supplementary Table 1).

To mitigate the inherent variability in BOLD signal interpret
ation, we z-scored the voxel-level time series and applied band-pass 
filtering (0.01–0.1 Hz) before calculating per cent signal change. 
These pre-processing steps standardize the data, reduce noise and 
focus on task-relevant neural activity. However, it is important to 
note that BOLD remains a relative measure influenced by physio
logical and vascular factors, such as cerebrovascular reactivity and 
cerebral blood flow, which may still impact the interpretation of 
longitudinal changes.

Results
Successful classification of participants 
into patients versus controls based on 
functional activation in sensorimotor 
cortex
To investigate if (1) participants can be successfully classified into 
patients and controls based on their functional activation in the sen
sorimotor cortex, we extracted shared response patterns across the 
group using rSRM, and trained SVM for predicting group member
ship (i.e. patient, control). Successful group classification could be 
reached, with an overall classification accuracy of 0.91 ± 0.001 
(mean ± SEM). To test if the classification is mainly based on the 
region of the first-affected body part, or on regions of behaviourally 
not yet affected or later affected body parts, we compared classifica
tion accuracies between first-affected and not-first-affected body 
parts. Results revealed that first affected regions show significantly 
lower classification accuracy as compared to non-first affected re
gions [first-affected: 0.86 ± 0.021, non-first affected: 0.96 ± 0.012, 
(t(120) = −3.92, P = 1.50e-04, see Fig. 2B]. The feature space driv
ing this classification was further explored in an additional supple
mentary analysis (shown in Supplementary Fig. 5). Dimensionality 
reduction via principal component analysis and t-distributed sto
chastic neighbour embedding (t-SNE) revealed clearer group separ
ation in the SRM-aligned space compared to raw time series, 
suggesting enhanced functional pattern distinctiveness through 
shared-response modelling (see Supplementary Figs 5A, B).

Additionally, to assess whether univariate methods could similar
ly discriminate between patients and controls, we conducted a com
plementary group-level analysis using SPM-based GLM contrasts. 
Despite modelling condition-specific BOLD responses for each 
movement and performing voxel-wise two-sample t-tests (control 
versus ALS and ALS versus control), no statistically significant ac
tivation differences survived correction for multiple comparisons. 
While uncorrected maps showed scattered sub-threshold group dif
ferences, these did not form coherent patterns (see Supplementary 
Fig. 1A and B). These results highlight the limited sensitivity of 
mass-univariate approaches in high-resolution datasets with subtle 

and distributed functional changes, reinforcing the value of multi
variate methods such as rSRM and SVM for classification in ALS.

Identification of latent variables that 
reflect disease onset and severity
To test if (2) PLSR allows the identification of functional signatures 
that reflect disease onset and/or severity, and if so, if functional ac
tivation or functional connectivity changes are more sensitive to 
these clinical variables, we implemented PLSR using the functional 
activation and connectivity profiles as predictors, and related those 
to ALSFRS and PUMNS reflecting disease severity and onset. A 
combined localizer mask was used to derive data from different re
gions in MI (hand, foot, tongue), and the absolute values of the 
averaged model weights for each region were then plotted to assess 
their relative contribution to the overall modelling framework.

Modelling the disease onset
For functional activation, the overall average MSE was 1.02 ± 0.39 
(mean ± SEM). The scatter plots in Fig. 3A depict the separation 
between ALS onset types based on functional activation (purple: 
upper limb onset, cyan: lower limb onset, yellow: bulbar onset) 
across six test splits. While LV1 successfully separates lower limb 
onset from bulbar onset, upper limb onset cannot clearly be iden
tified. This is reflected in the results when calculating the classifica
tion for each topographic area separately: the tongue/face region 
(bulbar) shows the highest average weight (5.3 ± 0.1e−5), followed 
by the foot region (3.8 ± 0.1e−5) and the hand region with lowest 
weights (1.9 ± 0.1e−5, see Fig. 3). The histogram in Fig. 3C shows 
the distribution of MSE values across splits, with the majority of 
splits clustered below 3, indicating good predictive performance. 
However, a wider spread of MSE values, with some splits showing 
MSEs as high as 6, suggests more variability in model performance.

For functional connectivity, the overall MSE was 1.22 ± 0.43. The 
scatter plots in Fig. 3D show better clustering of onset types com
pared to the functional activation, particularly for lower limb versus 
bulbar onset along LV1. Unlike functional activation, upper limb on
set is also more clearly separated in many of the splits (e.g. splits 4, 5, 
10 and 12), resulting in a more distinct grouping of onset types in the 
latent variable space. This is reflected in the weights calculated per 
topographic area, where the hand region here shows higher weights 
(0.45 ± 0.1e−3). Highest weights, however, were still obtained 
from the tongue/face region (0.86 ± 0.1 e−3), followed by the foot 
region (0.79 ± 0.1e−3, see Fig. 3E). The histogram in Fig. 3F shows 
a consistent spread of MSE values, with most values concentrated be
tween 1 and 3, and fewer outliers compared to functional activation. 
Together, these results show better and more consistent performance 
for functional connectivity-based classification compared to func
tional activation-based classification of onset site across splits.

Modelling disease severity
With respect to functional activation, the overall MSE is 1.22 ±  
0.33 across all cross-validation splits. However, the model shows 
fluctuations in the LV space with respect to the projection of the 
subjects (see Fig. 4B). This indicates that there is instability in the 
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Figure 3 Modelling of ALS onset site based on fMRI data from sensorimotor cortex during body part movements. (A) + (D) Scatter 
plots depict the relationship between the first latent variable (LV1) and the second latent variable (LV2) for test subjects using PLSR, 
with different coloured circles representing the ALS onset classes (purple: upper limb onset, cyan: lower limb onset, yellow: bulbar 
onset). The position of each dot in the latent space represents an individual subject, with the colour indicating the onset class and the 
size reflecting the group distribution. Red-bordered dots indicate the held-out test subjects in each split. The Mean Squared Error 
(MSE) values shown in the subplot titles reflect the modelling error for each test case. (A) Projections for functional activation across 6 
test splits, with MSE values provided for each split. (B) Bar plot summarizing the distribution of weights across topographical regions 
(hand, foot, tongue) for functional activation (N = 14 ALS patients). (C) Histogram showing the distribution of MSE values across test 
splits for functional activation, where each data point represents the MSE obtained for one held-out test subject (one cross-validation 
split). (D) Projections for functional connectivity across 6 test splits, with MSE values provided for each split. (E) Bar plot summarizing 
the distribution of weights across topographical regions (hand, foot, tongue) for functional connectivity (N = 14 ALS patients). 
(F) Histogram showing the distribution of MSE values across test splits for functional connectivity, with each data point corresponding 
to the MSE from one held-out test subject.
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model, even though there is consistent grouping observed across all 
the splits. Consequently, this model was not investigated further.

With respect to functional connectivity, the averaged MSE is 
1.40 ± 0.30 across all cross-validation splits. The model shows 

consistent performance in predicting ALSFRS scores from func
tional connectivity, i.e. EC (MSE range between 0.33 and 4.60 
with four splits at MSE > 1, which indicates lower predictive 
power). Specifically, ECM LV1 reveals distinct groupings of 

Figure 4 Modelling ALS king stage based on fMRI data of sensorimotor cortex during body part movements: scatter plots show the 
relationship between the predicted Y scores (disease stages) and the observed X scores (A—ECM, B—Brain activation) in the latent 
variable (LV) space for various test splits. The points with red circles represent the test subjects projected in the LV space. The colour 
coding of the points corresponds to the King stages: 1 (purple), 2 (blue) and 3 (yellow). The mean squared error (MSE) values shown for 
each test split provide an estimate of how well the model captures individual variation in the held-out subjects.
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participants according to their ALS King stages (1, 2 and 3). 
Participants in ALS King Stage 3 are consistently grouped below 
‘0’ on the y-axis, while participants in ALS King Stages 1 and 2 
are grouped above ‘0’ on the y-axis. This consistent grouping across 
different cross-validation splits suggests that the first latent variable 
of the functional connectivity profile effectively captures variability 
associated with ALS disease severity (see Fig. 4A). When projecting 
the test subject’ data onto the latent variable space, data points fall 
within the same grouped regions as the training data points 

observed in the scatter plot (see Fig. 4, red outlined points). This 
confirms the model’s ability to generalize and predict ALS disease 
stages based on connectivity (ECM) values, which has been less suc
cessful based on functional activation (see above).

To further explore the relationship between disease severity and 
different readouts, we conducted an exploratory multimodal ana
lysis comparing functional connectivity (ECM) with structural 
susceptibility-based metrics (QSM) in a subset of n = 8 ALS pa
tients where both modalities were available. Using separate PLSR 

Figure 5 Topographic distribution: (A) Topographic weights for selected splits: Inflated cortices illustrate topographic distribution of 
weights derived from PLSR (for example test splits 3 and 12). Colour bars indicate weight values, with blue representing negative 
weights and red representing positive weights. These weights highlight cortical areas most associated with the ALS King stage for each 
test split. (B) Aggregated brain images show the average topographic weights across all test splits. This summary representation 
highlights the consistent brain regions associated with ALS progression, as indicated by the colour bar where blue gradient indicate 
negative weights (i.e. if the connectivity in these regions increase the ALSFRS scores decrease) and more red/yellow values indicate 
positive weights (i.e. increased connectivity patterns in this region relates to better ALSFRS scores). (C) Bar graph depicts the mean 
absolute PLSR weights distributed across different topographical regions (hand, foot, tongue/face) (N = 14 subjects; 14 data points per 
region). Error bars represent the standard error of the mean. A one-way repeated-measures ANOVA revealed a significant main effect 
of region on mean absolute weights [F(2,26) = 14.20, P = 0.0001]. Post hoc Holm-corrected paired comparisons showed significantly 
higher weights in the foot and tongue/face regions compared to the hand region (hand versus foot: pholm = 2.05 × 10−6; hand versus 
tongue/face: pholm = 0.005), while no significant difference was observed between the foot and tongue/face regions (pholm = 0.63). 
(D) Bar graph shows the mean change in functional connectivity relative to matched controls (ALS—control) across ALS King’s College 
disease stages (stages 1–3), shown separately for seed regions corresponding to left hand, right hand, left foot, right foot and tongue 
movements. Each dot represents an individual ALS—control connectivity difference value, and bars represent the mean across data 
points within each disease stage, with error bars indicating the standard error of the mean. The number of data points corresponds to 
the number of ALS and control comparisons contributing to each stage (N = 4 for stage 1, N = 3 for stage 2, N = 2 for stage 3).
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models for ECM and QSM features, we found that while both mo
dalities were associated with clinical severity, they exhibited distinct 
latent variable structures and spatial emphasis. Specifically, 
ECM-derived latent variables showed more distributed contribu
tions across hand and foot regions, whereas QSM-derived features 
were more strongly weighted towards the foot representation. 
These results suggest that functional and structural imaging capture 
complementary aspects of ALS-related cortical pathology (see 
Supplementary Figs 3 and 4).

To explore the network level effect further, Fig. 5D illustrates the 
averaged changes in functional connectivity across different ALS 
disease stages compared to matched controls, which presents as 
an inverted u-shaped profile: In King Stage 1, functional connect
ivity is decreased across all seed regions relative to controls, with re
ductions observed in all regions (left hand: −0.13, right hand: 
−0.11, left foot: −0.04, right foot: −0.07 and tongue: −0.07). In 
King Stage 2, an increase in connectivity can be observed in patients 
versus controls again for all regions (left hand: +0.08, right hand: 
+0.09, left foot: +0.17, right foot: +0.16 and tongue: +0.07). In 
King Stage 3, connectivity is again reduced in patients versus con
trols in all regions (left hand: −0.16, right hand: −0.19, left foot: 
−0.23, right foot: −0.21 and tongue: −0.18). See Supplementary 
Fig. 2 and Supplementary Table 1 for longitudinal data sampled 
from different time points available for n = 3 patients.

In summary, with respect to (1) and (2), we have shown that 
BOLD signal change in sensorimotor cortex during body part 
movements can be used to successfully classify a group of partici
pants into patients versus controls, to classify patients with respect 
to disease severity and site of onset, and that functional connectivity 
is a better predictor for both disease onset and disease severity com
pared to functional activation. We further show that functional 
connectivity changes in patients versus controls present with an in
verted u-shaped profile, with reduced connectivity in early disease 
stages, higher connectivity in middle disease stages, and a drop in 
connectivity in more severe disease stages.

Topographic versus atopographic 
profile
Finally, we investigated if (3) disease-defining functional informa
tion is specific to the first-affected topographic location in the 
sensorimotor cortex (i.e. topographic, reflecting the iron accumula
tion) or not specific to the first-affected topographic location in the 
sensorimotor cortex (i.e. atopographic, reflecting the calcium accu
mulation), and whether there is any topographic location in MI 
that is highly predictive of the severity of the disorder irrespective 
of onset site. Above, we have reported better classification accuracy 
in the patient versus control classification in regions of the behav
iourally non-first affected body part compared to regions of the 
first-affected body parts. This shows that functionally disease- 
defining regions in MI are not strongest in the area that is behav
iourally first-affected.

In addition, we observed higher weights in the foot and tongue 
regions compared to the hand region when modelling the associ
ation with the site of disease onset. To explore this effect of poten
tially more predictive areas in MI further, we computed the model’s 
weight distribution (based on connectivity) of the King’s Stage 

classification and projected them back into voxel space. In this 
way, the regions that drive the classification for disease severity 
can be identified precisely in MI. Results reveal that the highest 
mean weights are present in the foot and tongue/face regions, 
with the hand region showing marginally low weights (hand =  
1.72e−05 ± 5.78e−06, foot = 5.7e−04 ± 6.828e−06, face = 6.4e 
−04 ± 1.22e−05, see Fig. 5C). A one-way repeated-measures 
ANOVA revealed a significant effect of topographic region on 
mean absolute weight distributions [F(2,26) = 14.20, P = 0.0001]. 
Post hoc Holm-corrected paired comparisons showed significantly 
higher weights in the foot and face regions compared to the hand 
region (hand versus foot: pholm = 2.05 × 10−6; hand versus face: 
pholm = 0.005), while no significant difference was observed be
tween the foot and face regions (pholm = 0.63) (see Fig. 5C). This 
indicates that higher connectedness (i.e. centrality) in the face and 
lower limb regions within the brain’s network is predictive of the 
King stage of the disease, whereas this is less the case for the hand 
region. Both for the modelling of disease onset and disease severity, 
the foot and face areas show the highest predictive power, whereas 
the hand area shows lowest predictive power.

Discussion
ALS is a rapidly progressing neurodegenerative disease characterized 
by the loss of motor control and associated changes in the cytoarchi
tectural architecture of MI.1 Whereas previous studies mostly fo
cused on structural alterations, the present study aimed to uncover 
the distinct functional activity signature of MI associated with ALS 
onset site and progression using ultra-high field 7T-fMRI, rSRM 
and PLS regression analysis. Our results (1) confirm that participants 
can be successfully classified into ALS patients and controls based on 
their BOLD signal change in sensorimotor cortex recorded during 
body part movements, (2) show that latent variables specifically of 
the functional connectivity maps (but less so of the functional acti
vation maps) reflect disease severity and disease site of onset and 
(3) demonstrate that disease-defining functional information is not 
specific to the first-affected topographic field in sensorimotor cortex, 
but that the foot and face areas in MI are most predictive of the se
verity of the disorder irrespective of onset site. Comparative analyses 
between the structural data of a previous publication assessing an 
overlapping cohort of n = 8 patients further suggest that structural 
and functional analyses uncover complementary rather than overlap
ping aspects of the disease phenotype. The results of our study con
tribute to a deeper understanding of the cortical mechanisms 
underlying ALS, and offer a novel methodological approach to char
acterize the disease in future clinical studies.

We first show that ALS patients can be successfully distinguished 
from healthy controls based on functional activation in the sensori
motor cortex, with an overall classification accuracy of 0.91 ±  
0.001. This aligns with previous studies showing distinct neural ac
tivity patterns in ALS patients, particularly in the motor regions, 
which are known to be affected early in disease course.36,37 The 
clear separation observed in the latent variable space supports the 
overall idea that ALS progression can be effectively tracked through 
neuroimaging markers, potentially aiding in early diagnosis and per
sonalized treatment strategies.
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Both the modelling of disease onset site and severity proved more 
effective when using functional connectivity patterns rather than 
functional activation maps. This insight suggests that network-level 
co-activation associated with voluntary movement is more inform
ative for capturing disease stage in ALS than overall activation with
in the MI alone. This network-level sensitivity may also be the 
reason why the functional and structural disease-defining informa
tion only parts overlap. Prior studies have indicated that the func
tional connectivity profile in ALS patients is predictive of disease 
stage, however, those studies often focused on cognitive decline 
and associated network changes,38 or investigated resting state net
works only.39,40 In an overlapping cohort of n = 8 patients, we 
show that disease-defining structural and network changes only 
partly overlap, which may either be due to functional changes being 
more sensitive and detectable earlier, or due to compensatory net
work alterations in response to degenerating structures. Only longi
tudinal analyses in a larger cohort will uncover the mechanistic 
reason for this effect.

The result that functional connectivity changes are decreased 
compared to controls in King Stage 1, are increased in King Stage 
2 and are decreased again King Stage 3 provides a further indication 
that functional network changes in MI are highly sensitive to disease 
progression.41 This aligns with a study using MEG recordings from 
early-diagnosed ALS patients during speech tasks, which found 
greater sensory correlations and beta band connectivity in ALS pa
tients compared to healthy controls.42 This suggests that ALS pa
tients exhibit increased functional connectivity in early stages of 
the disease to compensate for an initial decline in connectivity by 
recruiting additional networks as support architecture. The later de
cline in connectivity could then signal more severe disease stages 
with more pronounced myelin loss, where this compensation strat
egy fails. For translational applications, this could imply that focus
ing on maintaining this initial compensation strategy at a high level, 
i.e. focusing on preventing the decline in connectivity that is ob
served at later disease stages, may be a strategy to slow down disease 
progression. This finding is also in line with existing literature43

that suggests early compensatory mechanisms in ALS, where the 
brain attempts to maintain motor function despite ongoing 
neurodegeneration.

With respect to the a/topographic functional architecture of 
ALS, our definition of ‘topography’ is based on earlier structural in
vestigations of an overlapping patient group (with two new patients 
added in this study), which revealed that the first-affected body part 
shows higher iron accumulation in deep layers of MI compared to 
the later-affected regions in MI.5 With this definition, a ‘topograph
ic’ functional signature would show disease-defining features specif
ically in earlier-affected compared to later-affected regions of MI, 
following the deep layer iron accumulation. On the other hand, 
an atopographic functional signature could also be driven by stron
ger functional changes in newly-affected areas of MI and would in
dicate that disease-defining functional features are not necessarily 
most pronounced in the most clinically-affected body part. This as
sumption is based on the observation that the accumulation of 
nQSM in ALS (potentially reflecting calcium) is specifically pro
nounced in low-myelin borders of MI, which are located between 
body part areas of MI,5 and that we detected generally lower mye
lination of the face area with ageing, indicating vulnerability of this 

region.33 Our investigation reveals that regions first affected by ALS 
exhibit lower group (i.e. ALS versus control) classification accuracy 
compared with non-first affected regions in MI when using func
tional activation time series. This suggests that functional activation 
in the first-affected regions may not fully capture the early patho
logical changes driving ALS progression. Interestingly, the stronger 
classification accuracy observed in non-first affected regions likely 
reflects the progression to second or third affected body parts, as in
dicated by higher King stages. These non-first affected regions may 
exhibit more pronounced functional alterations, potentially due to 
advanced pathology resulting from later disease stages. The higher 
classification accuracy in these regions shows the importance of 
considering functional activation patterns over time as ALS 
progresses.

In contrast, the structural changes observed in previous studies, 
such as higher iron accumulation in the deep layers of MI in first- 
affected regions in these patients,5 suggest that early ALS pathology 
can also be captured through structural imaging. In an exploratory 
analysis, we compared disease-defining information between struc
tural (QSM) and functional (ECM) information and found that 
the patterns were only partly overlapping. This indicates that 
whereas structural information may provide information about lo
cal changes in iron, calcium and/or protein accumulation, the 
disease-defining functional information acts at the network level 
and includes compensatory mechanisms driven by other brain 
areas. However, our findings are limited by the absence of direct 
data on spinal cord and brainstem involvement or second motor 
neuron degeneration, which could significantly impact both func
tional activation and connectivity patterns. Future studies incorpor
ating these regions and combining functional and structural 
markers in a larger cohort of patients may provide a more compre
hensive understanding of ALS progression with respect to the inter
action between the local and network level. Critically, the calcium 
accumulation in patients was specifically high in the low-myelin 
borders in MI that separate distinct body part areas6 and that are 
assumed to be connected to different, non-topographic functional 
networks compared to the body part areas in MI.44 This pattern of 
results hence indicates that disease-defining network changes do not 
necessarily overlap with the earliest-affected body parts and the hot
spots of iron accumulation. In order to successfully track disease 
progress and to investigate the effect of medication, an accompany
ing mapping of functional network changes is therefore to be re
commended based on our results.

We also show that both disease onset site and severity can best be 
captured by the foot and face areas in MI, rather than the hand area. 
The significant differences in weight distribution across different 
regions of the primary motor cortex further support this finding. 
This regional specificity could be due to the differential vulnerabil
ity of motor neurons in these regions to ALS-related pathologies 
such as iron accumulation.45,46 In a recent study,5 found that the 
hand region in MI in older adults shows less age-related iron accu
mulation compared to regions representing other body parts, argu
ing that the hand region is potentially less vulnerable compared to 
other areas in MI to effects of ageing.5 This resilience could explain 
why the hand region displays fewer functional alterations, thus 
making it a less effective marker for classification in ALS. 
Another possibility is that hand dysfunction is detected earlier 
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behaviourally due to the very high level of hand dexterity in hu
mans. This finding is also consistent with the fact that bulbar im
pairment is linked to shorter survival in ALS.47 More 
pronounced changes in bulbar activity could serve as a more sensi
tive marker for overall disease aggressiveness and progression com
pared to other body parts.

Conclusion
In conclusion, this study demonstrates the potential of using rSRM 
and PLSR in combination with 7T-fMRI for uncovering the func
tional correlates of ALS progression and onset even in small patient 
samples. Our findings provide critical insights into the disease’s atopo
graphic patterns and highlight the importance of the face/tongue and 
foot regions in disease assessment, hinting towards their potential as 
biomarkers for tracking disease onset and progression. Given the func
tional disease-defining information was more pronounced on the net
work level and only partially overlapped with local structural 
disease-defining information, our study also highlights the benefits 
of combined structural and functional (i.e. multimodal) assessments 
of ALS pathology using ultra-high field MRI. These results pave 
the way for future research aimed at improving the diagnosis and man
agement of ALS through advanced neuroimaging techniques.
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