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ARTICLE INFO ABSTRACT

Keywords: The majority of radiology studies in neurodegenerative conditions infer group-level imaging traits from group
Amyotrophic lateral sclerosis comparisons. While this strategy is helpful to define phenotype-specific imaging signatures for academic use, the
Neuroimaging meaningful interpretation of single scans of individual subjects is more important in everyday clinical practice.
I;i:gnosﬁc classification Accordingly, we present a computational method to evaluate individual subject diffusion tensor data to highlight
Biomarker white matter integrity alterations. Fifty white matter tracts were quantitatively evaluated in 132 patients with

amyotrophic lateral sclerosis (ALS) with respect to normative values from 100 healthy subjects. Fractional
anisotropy and radial diffusivity alterations were assessed individually in each patient. The approach was
validated against standard tract-based spatial statistics and further scrutinised by the assessment of 78 additional
data sets with a blinded diagnosis. Our z-score-based approach readily detected white matter degeneration in
individual ALS patients and helped to categorise single subjects with a ’blinded diagnosis’ as likely ‘ALS’ or
‘control’. The group-level inferences from the z-score-based approach were analogous to the standard TBSS
output maps. The benefit of the z-score-based strategy is that it enables the interpretation of single DTI datasets
as well as the comparison of study groups. Outputs can be summarised either visually by highlighting the affected
tracts, or, listing the affected tracts in a text file with reference to normative data, making it particularly useful
for clinical applications. While individual diffusion data cannot be visually appraised, our approach provides a
viable framework for single-subject imaging data interpretation.

Precision medicine

models which are useful for the characterisation of specific phenotypes
and genotypes. Some white matter studies adopt a correlation strategy,
to explore the anatomical underpinnings of specific clinical symptoms,
but often, a considerable dissociation exists between clinical and
radiological observations. [15] Longitudinal imaging studies suggest
that white matter changes in ALS may be readily detected around the
time of the diagnosis, often earlier than cortical grey matter atrophy, but
white matter changes exhibit relatively limited further progression on
follow-up imaging. [16,17] The observation that disease-specific white
matter signatures are an early and relatively consistent feature of ALS
supports the role of white matter imaging in diagnostic classification
algorithms. White matter parameters have been used in a multitude of
categorisation frameworks including support-vector machines,
discriminant function analyses, logistic regression, and random forest
models with varying diagnostic classification accuracy. [18-23] The
pitfalls of building models on smaller training datasets are well

1. Introduction

White matter alterations are an early feature of amyotrophic lateral
sclerosis (ALS) and can already be discerned in the presymptomatic
phase of the disease. [1-6] The core white matter signature of ALS in-
cludes corpus callosum and corticospinal tract degeneration [7] often
with varying degree of frontotemporal and cerebellar white matter pa-
thology. [8,9] Frontotemporal white matter changes have been
described in the uncinate fasciculus, cingulum, fornix, superior longi-
tudinal fasciculus, anterior thalamic radiation, forceps minor, inferior
longitudinal fasciculus. [10-12] Widespread extra-motor white matter
degeneration has been initially linked to C9orf72 hexanucleotide repeat
expansions, [13] but more recent studies confirmed that frontotemporal
disease burden is not unique to this genotype. [14] The majority of white
matter studies in ALS report group-level findings based on comparative
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Glossary

AD axial diffusivity

AF arcuate fasciculus

ALS amyotrophic lateral sclerosis

ALSFRS-r revised amyotrophic lateral sclerosis functional rating
scale

ANCOVA analysis of covariance

C9orf72 chromosome 9 open reading frame 72

CSD Constrained Spherical Deconvolution
DFA discriminant function analysis

DKI diffusion kurtosis imaging

DTI Diffusion Tensor Imaging

DW diffusion-weighted data

EMM estimated marginal mean

FA fractional anisotropy

FLAIR  Fluid-attenuated inversion recovery
FOV field of view

FTD Frontotemporal dementia

FTLD frontotemporal lobar degeneration
FWE familywise error

GM grey matter

HADS  hospital anxiety and depression scale

HARDI  high angular resolution diffusion imaging

HC healthy control

HSP hereditary spastic paraplegia

IR-SPGR inversion recovery prepared spoiled gradient recalled echo

IR-TSE inversion recovery turbo spin echo sequence
LMN lower motor neuron

Lt Left

MD mean diffusivity

MDT Multi-disciplinary team

MND Motor neuron disease

MNI152 Montreal Neurological Institute 152 standard space
MP-PCA Marcenko-Pastur principal component analysis
MRC Medical Research Council Scale for Muscle Strength
NODDI neurite orientation dispersion and density imaging
PBA Pseudobulbar affect

PCC Pathological crying and laughing

PLS primary lateral sclerosis

PMA Progressive muscular atrophy

PUMNS Penn Upper Motor Neuron Score

RD radial diffusivity

QSM quantitative susceptibility mapping

ROI region of interest

Rt Right

SBMA  Spinal and bulbar muscular atrophy / Kennedy’s disease

SD standard deviation

SE-EPI  spin-echo echo planar imaging
SENSE  Sensitivity Encoding

SLF superior longitudinal fasciculus
SMA Spinal muscular atrophy

SPIR spectral presaturation with inversion recovery
SVM support vector machine

T1W T1-weighted imaging

TE Echo time

TFCE threshold-free cluster enhancement
TI Inversion time

TIV total intracranial volume

TR repetition time

UMN Upper motor neuron

recognised, chief of which is the overfitting of such models to the
training data which results in poor generalisability. [24] While the
description of group-level white matter signatures and stereotyped
propagation patterns is academically relevant, the pragmatic demands
of clinical imaging are markedly different. In clinical practice, the
characterisation of shared imaging traits among many patients is a lower
priority compared to the precision interpretation of MR data from single
subjects. The evaluation of imaging data in single subjects is hugely
important across a variety of clinical scenarios such as the assessment of
‘suspected’ patients exhibiting limited clinical findings, the appraisal of
datasets from family members fearing a potential diagnosis, the follow-
up of confirmed cases to appraise progressive changes etc. In line with
the practical objectives of clinical imaging, the objective of our study is
the development, testing and validation of a quantitative imaging
framework to interpret individual diffusion datasets.

2. Methods
2.1. Participants

The study has two arms; (1) a descriptive part, where white matter
(WM) changes are evaluated in subjects with a known diagnosis and (2)
a pilot, proof-of concept arm where the diagnosis of the participants are
blinded. In the descriptive arm of the study 132 patients with amyo-
trophic laterals sclerosis (ALS) and 100 healthy controls (HC) were
included. In the pilot classification part of the study, 53 patients with
ALS and 25 HC were included. A total of 185 patients and 125 controls
were included. Patients were diagnosed according to the El Escorial
criteria and patients with prior traumatic brain injury, comorbid neu-
rovascular, neuroinflammatory or neoplastic conditions were excluded.
The healthy controls included in this study were not related to

participating patients, and had no known family history of neurode-
generative disorders. All participants provided informed consent in
accordance with the ethics approval of the project. (Ethics Medical
Research Committee - Beaumont Hospital, Dublin, Ireland).

2.2. Magnetic resonance imaging

Diffusion tensor imaging (DTI) data were acquired on a 3 Tesla
Philips Achieva Magnetic resonance (MR) platform using a spin-echo
echo planar imaging (SE-EPI) pulse sequence with a 32-direction
Stejskal-Tanner diffusion encoding scheme, FOV = 245 x 245 x 150
mm, 60 slices with no interslice gaps, spatial resolution = 2.5 mm®, TR/
TE = 7639 / 59 ms, b-values = 0, 1100 s/mm?, SENSE factor = 2.5,
acquisition time: 5 min 41 s, dynamic stabilisation and spectral pre-
saturation with inversion recovery (SPIR) fat suppression. For clinical
interpretation, FLAIR images of each participant were also reviewed.
FLAIR imaging took place in axial orientation using an Inversion Re-
covery Turbo Spin Echo (IR-TSE) sequence: TR/TE = 11,000 / 125 ms,
TI = 2800 ms, FOV = 230 x 183 x 150 mm, spatial resolution = 0.65 x
0.87 x 4 mm, 120° refocusing pulse, with flow compensation and mo-
tion smoothing and a saturation slab covering the neck region. A 3D
Inversion Recovery prepared Spoiled Gradient Recalled echo (IR-SPGR)
sequence was implemented to record T1-weighted (T1w) images with
the following settings: field-of-view (FOV) of 256 x 256 x 160 mm, flip
angle = 8°, spatial resolution of 1 mm3, SENSE factor = 1.5, acquisition
time: 7 min 30 s, TR/TE = 8.5/3.9 ms, TI =1060 ms.

2.3. Diffusion-weighted (DW) data processing

Pre-processing of DW data was performed within MRtrix3 [25] and
noise corrections using the Marcenko-Pastur principal component
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analysis (MP-PCA), [26,27] removal of Gibb’s Ringing Artifacts [28],
correction for motion and eddy currents [29] and bias field correction
using the N4 method as implemented in the ANTs software. [30] DW
data were then co-registered to align with the T1-weighted data using a
linear registration scheme with six degrees of freedom, where the b =
0 image served as a source and the raw T1-weighted image as the target
data. Subsequently, the diffusion tensor model was fitted to the pre-
processed DW-images [31] and for each subject, fractional anisotropy
(FA) and radial diffusivity (RD) maps were extracted. T1-weighted im-
ages were skull-stripped and biasfield-corrected within FSL. [32,33]
Version 6.0 of FMRIB’S FSL was used. The peaks of the spherical har-
monic function in each voxel were extracted by first estimating the
response function for spherical deconvolution in each subject separately
using the dhollander algorithm [34] and then estimating fibre orienta-
tion distributions following a multi-shell approach. Since two shells
were acquired, b = 1000 and b = 0, the response functions for both WM
and CSF could be estimated. The results were normalised using a multi-
tissue informed log-domain intensity normalisation scheme [35] and the
peaks of the spherical harmonic function from that normalised image.
[36]

2.4. z-score based interpretation of individual datasets

To test each individual subject WM microstructure alterations with
respect to healthy controls, bundle-specific tractograms were first
generated for each subject based on the estimated peaks of the spherical
harmonic function. [37] DW data were segmented using TractSeg into 50
anatomically labelled tracts and FA / RD were estimated along 100
points of each tract. These estimates were averaged along each tract to
generate a single proxy of WM microstructure integrity per subject and
tract. Data from HCs were used as normative data, building distributions
of the averaged and z-scored WM metrics separately for male and female
patients. Normative data were used to test whether individual subjects’
WM profile differed from the sex-matched ‘physiological’ range. Each
patient’s tractwise z-scores were calculated with reference to their
demographically-appropriate control group and then z-scores were
converted to p-values. Two statistical tests were run to identify tracts
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with FA reductions and tracts with increased RD using an alpha-level
threshold of p < 0.025 below which we considered an individual pa-
tient’s tract as ‘affected’. In addition to individual subject WM rating,
group level contrasts have also been performed using Monte-Carlo
permutation to estimate family-wise error-corrected p-values for each
tract. First, nonparametric null distributions were created for each tract
to estimate the expected frequencies of patients for which ‘significant’
changes were observed as a random process. Random scalars were
drawn from a binomial distribution, where the total number of patients
was used as parameter n (reflecting the number of trials) and the
selected alpha-threshold of 0.025 as parameter p (reflecting the proba-
bility of occurrence). This process was repeated 100,000 times for each
tract. The parameter n was different for each tract since tract segmen-
tation using TractSeg failed in some patients for a subset of tracts
(Table 1). The number of patients exhibiting WM alterations in each
tract was determined providing the vector of size ncts. These observed
frequencies were then converted into p-values by establishing how many
of the randomly generated frequencies exceeded the observed count and
dividing by that count by the number of iterations (100,000). The sig-
nificance level was set to p < 0.01.

2.5. Cross-validation by the standard approach

For validation purposes, standard tract-based spatial statistics (TBSS)
were also run to evaluate voxelwise WM variations between the study
groups. Standard pre-processing, registration to the FMRIB58-FA stan-
dard-space image, and nonlinear transformation to all subjects’ FA / RD
images were implemented. [38] Voxelwise statistics on the skeletonized
FA / RD maps were computed using FSL’s randomise tool [39] with 5000
permutations, controlling for age and sex, and family-wise error-cor-
rected (FWER) using threshold-free cluster enhancement (TFCE) with
2D optimization. [40] Given our study focused on the concordance of
two WM methodologies, statistical comparisons were restricted to RD
increases and FA reduction in ALS versus controls, since these are the
predominant changes. The significance level was set to prwgr < 0.01 to
extract only the most affected foci of pathology.

Table 1
The list of the 50 tracts evaluated and the number of successful segmentations in the ALS cohort (n = 132).
Tract name Correctly Tract name (continued) Correctly Tract name (continued) Correctly
segmented segmented segmented
Arcuate fasciculus left 130 Inferior cerebellar peduncle left 119 Superior longitudinal fasciculus IIT 119
left
Arcuate fasciculus right 126 Inferior cerebellar peduncle right 114 Superior longitudinal fasciculus III 119
right

Anterior thalamic radiation left 116 Inferior occipito-frontal fasciculus 120 Superior thalamic radiation left 113
left

Anterior thalamic radiation right 118 Inferior occipito-frontal fasciculus 120 Superior thalamic radiation right 118
right

Corpus callosum: Rostrum 119 Inferior longitudinal fasciculus left 119 Uncinate fasciculus left 117

Corpus callosum: Genu 126 Inferior longitudinal fasciculus 119 Uncinate fasciculus right 120
right

Corpus callosum: Rostral body 103 Middle cerebellar peduncle 121 Thalamo-premotor left 116

Corpus callosum: Anterior 108 Optic radiation left 119 Thalamo-premotor right 109

midbody
Corpus callosum: Posterior 123 Optic radiation right 119 Thalamo-parietal left 123
midbody

Corpus callosum: Isthmus 129 Parieto-occipital pontine left 119 Thalamo-parietal right 124

Corpus callosum: Splenium 122 Parieto-occipital pontine right 118 Thalamo-occipital left 119

Cingulum left 124 Superior cerebellar peduncle left 119 Thalamo-occipital right 119

Cingulum right 123 Superior cerebellar peduncle right 118 Striato-fronto-orbital left 120

Corticospinal tract left 114 Superior longitudinal fasciculus I 123 Striato-fronto-orbital right 120
left

Corticospinal tract right 114 Superior longitudinal fasciculus I 124 Striato-premotor left 119
right

Fronto-pontine tract left 117 Superior longitudinal fasciculus II 122 Striato-premotor right 115
left

Fronto-pontine tract right 118 Superior longitudinal fasciculus II 122

right
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3. Results
3.1. Demographics

The two-sample t-tests revealed no significant differences between
(1) male controls (mean age = 60.96 years, standard deviation [SD]
+9.68) and male patients (mean age = 62.64 years, SD +11.52; t(136)
= —0.8689, p = 0.3864) and (2) female controls (mean age = 56.94
years, SD +/— 9.91) and female patients (mean age = 60.13 years, SD
+/— 8.31; t(92) = —1.6815, p = 0.0960). This suggests that the refer-
ence groups (which were used for z-scoring) were adequately age-
matched for both males and females. Similarly, the two-sample t-tests
indicated appropriate age-matching of the male controls with the male
blinded subjects (mean age = 60.52 years, SD +13.88; t(96) = 0.1823, p

3 CRITICAL TRACTS DETECTED by FA:

LABELNAME

Corticospinal tract left
Corticospinal tract right
Parieto-occipital pontine right

5 CRITICAL TRACTS DETECTED by RD:

Corpus callosum: Rostrum
Corticospinal tract left
Corticospinal tract right
Parieto-occipital pontine right
Superior thalamic radiation left

Journal of the Neurological Sciences 428 (2021) 117584

= 0.8558) as well as of the female controls with the female blinded
subjects (mean age = 55.11 years, SD +15.03; t(76) = 0.6481, p =
0.5189).

3.2. Z-score based approach

The list of the 50 white matter tracts, [18] and the number of patients
where the segmentation was successful is presented for each tract in
Table 1. Our approach permits the tract-wise evaluation of individual
WM profiles and the affected tracts can either be presented visually or
listed as a text file. In Fig. 1 we provide an example for illustration; areas
of FA reductions (Fig. 1A) and regions of increased RD (Fig. 1B) are
presented in a 72-year-old male patient in 3D. Our algorithm also pro-
vides a summary text file for individual subjects (Fig. 1C) listing the

LABEL-ID

14
15
28

1 ERRONEOUSLY SEGMENTED TRACT(S):

Striato-fronto-orbital right

Fig. 1. White matter involvement in an individual ALS patient illustrating the z-score based data interpretation strategy with reference to demographically-matched
controls. Outputs can be either presented visually or as text. Areas of FA reductions (A), regions of increased RD (B) are presented visually and affected tracts are

listed as text (C).
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affected tracts based on normative FA and RD, corresponding z-scores
and p-values, and a list of tracts where WM segmentation failed, if
applicable. In this patient, segmentation of the right striato-fronto-
orbital tract failed. Both diffusivity metrics revealed left and right cor-
ticospinal tract degeneration. RD additionally detected corpus callosum
and superior thalamic radiation involvement. The same output, visual
and text, has been generated for each individual subject.

3.3. Group statistics

Permutation testing was used to highlight which tracts were affected
across the entire ALS cohort using to the z-score-based approach. This
analysis revealed a multitude of affected tracts, both based on FA al-
terations (Fig. 2A, Table 2) and RD changes (Fig. 2B, Table 3). Tables 2
and 3 rank the most affected tracts, revealing widespread white matter
degeneration and suggesting that RD may be more sensitive in detecting
integrity changes than FA.

3.4. Tract-based spatial statistics

Fig. 3 depicts group-level observations from the ‘standard approach’
using tract-based spatial statistics (TBSS). Both patterns of FA reductions
(Fig. 3A) and RD increases (Fig. 3B) are widespread with the relative
sparing of some posterior and cerebellar tracts. The anatomical patterns
identified by TBSS are largely congruent with the group-level outputs of
the z-score based strategy. Similar to the z-score based approach, RD
detected slightly more affected tracts than FA.

3.5. Pilot-classification

The text outputs of 78 subjects with a blinded diagnosis were
reviewed separately of the descriptive analyses presented above. These
subjects were not part of the group-level statistics presented previously,
z-scored or TBSS. In the pilot classification part of the study, 53 patients
with ALS and 25 HC were included. Based on the individual text output
of the blinded subjects, thirty-nine out of the 53 ALS patients were
correctly identified as subjects with ALS (73.58%) and 19 of the 25
healthy individuals (76%) were also correctly identified based on their

Journal of the Neurological Sciences 428 (2021) 117584

Table 2
Tracts with significant fractional anisotropy (FA) reductions in the ALS
group.

Tract name PFWER
Arcuate fasciculus left 0.0171
Corpus callosum: Genu 0.0004
Corpus callosum: Isthmus 0.0164
Corpus callosum: Splenium 0.0038
Corticospinal tract right <0.0001
Inferior occipito-frontal fasciculus left 0.0009
Middle cerebellar peduncle 0.0001
Optic radiation left 0.0033
Superior longitudinal fasciculus I left 0.0002
Superior longitudinal fasciculus III right 0.0008

white matter profiles.
4. Discussion

Our findings indicate that diffusion data from single subjects may be
interpreted if a moderate sized control dataset is available.

In ALS, the visual inspection of white matter changes on FLAIR and
T2 datasets offers limited insights. Qualitative cues, such as hyper-
intensities along the corticospinal tracts and thinning of the corpus
callosum have been observed in ALS, but the specificity and sensitivity
of these findings are relatively limited and may depend on pulse
sequence settings and disease duration. [41,42] The visual inspection of
diffusion tensor data offers no meaningful information with regards to
pathological changes and is merely suitable for the assessment of gross
imaging artifacts pertaining to movement, susceptibility-relation dis-
tortions, or eddy currents. The visual evaluation of T1- and T2-weighted
data may suggest cortical grey matter atrophy qualitatively, but one
cannot comment on white matter atrophy based on these pulse se-
quences. Quantitative group comparisons of patients with an established
diagnosis and healthy controls have consistently captured corpus cal-
losum degeneration and corticospinal tract changes in ALS irrespective
of the underlying phenotype or genotype. [43-45] Unlike in PLS, [46]
the clinical detection of the extent of pyramidal tract degeneration is
confounded by co-existing lower motor neuron dysfunction.

Fig. 2. Group-level findings derived from the z-scoring approach. Regions of fractional anisotropy reduction (A), and areas of increased radial diffusivity (B).
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Table 3
Tracts with significant radial diffusivity (RD) increase in the ALS group.
Tract name PrwEer Tract name PrwEer
Arcuate fasciculus left 0.0001 Parieto-occipital pontine <0.0001
left
Arcuate fasciculus right 0.0004 Parieto-occipital pontine 0.0009
right
Corpus callosum: Rostrum <0.0001  Superior cerebellar <0.0001
peduncle left
Corpus callosum: Genu 0.0010 Superior cerebellar <0.0001
peduncle right
Corpus callosum: Rostral 0.0003 Superior longitudinal <0.0001
body fasciculus I left
Corpus callosum: Anterior 0.0016 Superior longitudinal <0.0001
midbody fasciculus I right
Corpus callosum: Posterior 0.0010 Superior longitudinal 0.0003
midbody fasciculus 1I left
Corpus callosum: Isthmus 0.0015 Superior longitudinal 0.0002
fasciculus IIT left
Cingulum left 0.0013 Superior longitudinal 0.0001
fasciculus III right
Corticospinal tract left <0.0001  Superior thalamic radiation =~ <0.0001
left
Corticospinal tract right <0.0001  Superior thalamic radiation =~ <0.0001
right
Fronto-pontine tract right 0.0030 Uncinate fasciculus left <0.0001
Inferior cerebellar peduncle  0.0035 Uncinate fasciculus right <0.0001
left
Inferior cerebellar peduncle  0.0001 Thalamo-parietal right 0.0131
right
Inferior occipito-frontal <0.0001  Thalamo-occipital right 0.0107
fasciculus right
Middle cerebellar peduncle <0.0001  Striato-fronto-orbital right 0.0036
Optic radiation right 0.0030

Journal of the Neurological Sciences 428 (2021) 117584

Corticospinal tract changes in ALS can be readily detected along the
entire cerebral course of the pyramidal tracts in ALS from the corona
radiata, through the posterior limb of the internal capsule to the
brainstem. [47,48] A variety of white matter imaging methods have
been implemented in ALS including spherical deconvolution, fixel-based
approaches, neurite orientation dispersion and density imaging
(NODDI), and diffusion tensor imaging as well as non-diffusion methods
such as volumetry, morphometry and spectroscopy. [49-53] Diffusion
data in ALS is most commonly interrogated by tract-based methods or
tractography. [54] Despite the success and relative consistency of these
studies, their drawback is that the statistical maps present shared white
matter signatures and do not directly represent alterations in single
subjects.

In this study we have detected the involvement of relevant white
matter tracts in single subjects with reference to demographically
matched controls without relying on other subjects from the same pa-
tient cohort. The mathematical model utilised is relatively simple and
centres on z-scoring variables based on normative data. This concept is
widely utilised in medicine for the evaluation of metrics in single sub-
jects spanning from neuropsychological assessments, the interpretation
of serum markers, appraisal of developmental scores and in a variety of
biomarker applications. [55,56] We have successfully detected white
matter changes in individual subjects, but our approach also permitted
the contrasting of patients and controls at a group-level, which facili-
tates validation by conventional tract-based statistics. We have identi-
fied good concordance between the z-score-based approach and
standard TBSS.

To model a potential clinical application, we have evaluated 78
subjects independently, where the diagnosis was blinded from the first
author. This cohort included 53 subjects who were scanned within 3
months of their diagnosis and 25 healthy controls. By rating their white
matter profile, 73.5% of the ALS subjects were correctly diagnosed on
the basis of corpus callosum and corticospinal tract involvement. 76% of

Fig. 3. Group comparisons using tract-based spatial statistics. Regions of decreased fractional anisotropy at p < 0.01 (A) and areas of increased radial diffusivity at p

< 0.01 (B). Statistical outputs are corrected for age, sex, and family-wise error.
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the healthy controls were correctly identified as healthy individuals on
the basis of the absence of white matter abnormalities with respect to
normative data. While this is merely a pilot study to evalaute single
subjects’ white matter microstructure in a simulated diagnostic sce-
nario, it demonstrates the feasibility of this strategy. There are obvious
considerations to improve the accuracy of this framework, chief of
which is the expansion of normative data to larger cohorts covering all
demographic sub-groups and boosting the overall numbers in each
group. A more fine-grained categorisation of controls such as the in-
clusion age-ranges, and education bands would no doubt improve the
performance of such schemes further. There is evidence that education
impacts on white matter integrity especially in extra-motor regions [57]
and using narrow age-range control subgroups would permit superior
demographic matching. The combination of white matter measures with
grey matter metrics is likely to improve the diagnostic classification of
individual subjects further. [58] The testing of this white matter rating
scheme in presymptomatic mutation carriers would lend further
credence to the validity of this approach. [4,59] A natural expansion of
this strategy is the inclusion of non-ALS neurodegenerative cohorts and
disease mimics, which is beyond the scope of this present study. [60]

Another benefit of quantitative imaging in ALS is the precision
staging of patients based on disease burden patterns. Clinical staging
systems have proven useful for a variety of clinical applications span-
ning from accurate patient stratification to predictive modelling. [61]
Diffusion imaging has shown promise to categorise patients in vivo ac-
cording to pathological TDP-43 stages. [48,62] The automated listing of
affected tracts based on quantitative measures would also permit the
tracking of longitudinal changes in single patients. Longitudinal cohort
studies often use mixed effect models and correct for the effects of
healthy aging, [63] but group-level observations may be of limited in-
terest in the management and tracking of individual patients. In multi-
disciplinary team (MDT) clinics, the focus is the follow-up of individ-
ual patients and the assessment of accruing disease burden with refer-
ence to earlier scans in the same patients. This is in line with the
principles of ’precision medicine’ and enables the assessment of pro-
gression rates, helps the timing of interventions, foreseeing management
challenges and informs resource allocation. [64]

The detection of white matter changes outside the pyramidal system
is consistent with the evolving literature of neuropsychological and
extrapyramidal deficits in ALS. [65-68] Once regarded as a pure motor
neuron disorder, ALS is now universally recognised as a condition with
overlapping clinical, radiological and genetic features with fronto-
temporal dementia (FTD). The ascertainment of frontotemporal WM
alterations may guide physicians and the MDT team to screen for
incipient cognitive or behavioural deficits and tailor their management
strategies accordingly. [69,70] Initially, ALS was primarily associated
with deficits in executive dysfunction, but the gamut of possible mani-
festations also includes language deficits, deficits in social cognition,
apathy as well as other cognitive domains. [10,71-74] In our study, we
found evidence of left arcuate fasciculus, superior longitudinal fascic-
ulus, inferior occipito-frontal fasciculus, middle cerebellar peduncle and
optic radiation involvement based on FA and RD. The role of the left
arcuate fasciculus (AF) is relatively well established in processing
complex sequences of syntax and its involvement supports the large
body of literature pertaining to language deficits in ALS. [75-77]
Cerebellar peduncle involvement in ALS is relatively well recognised,
[54,78-80], but its clinical manifestations remain to be clarified.
[81-84] Our study highlights that the involvement of the long associa-
tion fibres, such as the superior longitudinal fasciculus (SLF) is a rela-
tively core feature of ALS and not unique to smaller subgroups.

One of the other advantages of a z-scored based approach is the
opportunity to interpret radiological findings with respect to sex-
matched cohorts. The physiological sexual dimorphism of neuroradio-
logical metrics is widely recognised and sexual dimorphism is also an
important factor in ALS. [85-87] Most ALS studies combine male and
female patients and correct for sex as a covariate in the statistical
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models. A z-score based approach allows the interpretation of an indi-
vidual scan based on sex-matched controls alone. It is conceivable that
other imaging metrics, such as network coherence measures, metabolite
ratios, cord parameters, subcortical grey matter indices, quantitative
susceptibility mapping (QSM) measures may also be interpreted in a
similar fashion. [88-94] While the implementation of the z-scoring
scheme requires computational resources compared to the visual review
of MR images, it can be readily implemented on local radiology servers
or on cloud-based platforms without introducing delays to reporting.

This study is merely a demonstration of how a single DTI data set
may be interpreted in a low-incidence neurodegenerative condition.
This is a proof-of-concept study of white matter interpretation and is not
meant as a fully developed diagnostic framework. A number of limita-
tions need to be acknowledged which need further optimisation for the
concept to be transferable to clinical practice. First and foremost, a
larger reference dataset is required, ideally also stratified for age and
education. This method examines the integrity of tracts along their
entire course and does not take segmental changes into consideration.
The assessment of blinded data is not a validation of the approach,
merely a pilot analysis, modelling clinical scenarios. A shortcoming of
the labelling of blinded datasets is the binary categorised into ‘ALS’ or
‘HC’ instead of also considering a tertiary label of ‘alternative diagnosis’.
Real-life diagnostic dilemmas typically centre on the categorisation of
an early-stage symptomatic patient as ‘likely ALS’ versus an alternative
neurodegenerative condition (PLS, HSP, etc.) [95,96] Finally, the
applicability of our approach may be limited in lower motor neuron-
predominant MNDs such as SBMA, SMA, Polio, or PMA, where disease
burden is primarily in the spinal anterior horns and not cerebral.
[97-100] Notwithstanding these limitations, our study demonstrates the
feasibility of interpreting single diffusion data sets.

5. Conclusions

Amyotrophic lateral sclerosis is not only associated with corpus
callosum and corticospinal tract degeneration, but the cerebellar pe-
duncles, arcuate fasciculus and long association fibres are also
commonly involved. These changes can be readily detected in single
patients and a list of affected fibre bundles can be generated if normative
datasets have been previously compiled. The presented approach may
also be successfully applied to patients in their peri-diagnostic phase.
While the description of group-level signatures is of academic interest,
future imaging studies should focus on the development and validation
of methods to classify single datasets into diagnostic and prognostic
groups.
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