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Abstract Amyotrophic lateral sclerosis (ALS) is character-
ized by progressive degeneration of upper and lower motor
neurons, with variable involvement of extramotor brain re-
gions. Currently, there are no established objective markers
of upper motor neuron and extramotor involvement in ALS.
Here, we review the potential diagnostic value of advanced
neuroimaging techniques that are increasingly being used to
study the brain in ALS. First, we discuss the role of different
imaging modalities in our increasing understanding of ALS
pathogenesis, and their potential to contribute to objective
upper motor neuron biomarkers for the disease. Second,
we discuss the challenges to be overcome and the required
phases of diagnostic test development to translate imaging
technology to clinical care. We also present examples of mul-
tidimensional imaging approaches to achieve high levels of
diagnostic accuracy. Last, we address the role of neuroimag-
ing in clinical therapeutic trials. Advanced neuroimaging tech-
niques will continue to develop and offer significant opportu-
nities to facilitate the development of new effective treatments
for ALS.
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Introduction

Amyotrophic lateral sclerosis (ALS) is a progressive disease
of the motor system affecting upper motor neurons in the brain
and lower motor neurons in the brainstem and spinal cord,
with variable involvement of extramotor brain regions [1].
Each patient differs in their body region of onset, disease
progression, and the combination of upper and lower motor
neurons involved, meaning that onset and disease course in
ALS is heterogeneous [2, 3]. Besides clinical heterogeneity,
underlying pathophysiology in ALS seems to be similarly
variable. Monogenetic traits have been identified in familial
cases, as well as complex traits with contributions from mul-
tiple genetic and environmental factors [4]. Additionally, the
same genetic error can result in different clinical phenotypes,
while different genotypes can produce the same clinical phe-
notype. Despite the apparent complexity of ALS, neuroimag-
ing could potentially provide objective phenotypic classifica-
tion of patients. Such brain phenotyping would provide infor-
mation on affected brain regions and identify brain alterations
associated with different rates of symptom progression.
Alongside additional diagnostic information, neuroimaging
could serve as a biomarker of disease stage and could monitor
progressive degenerative changes in the brain.

Currently, the diagnosis of ALS is based on clinical exam-
ination, complemented by objective assessment of the lower
motor neurons using electromyography [5]. Involvement of
upper motor neurons is assessed by documentation of abnor-
mal reflexes or spasticity during the clinical examination.
However, spasticity may not aid diagnosis as it affects only
4 % of patients with ALS at first presentation [6]. Further-
more, lower motor neuron pathology can mask upper motor
neuron signs, decreasing their detectability. This is particularly
true of patients diagnosed with progressive muscular atrophy
(PMA), for whom upper motor neuron degeneration is evident
only on postmortem examination [7]. Diagnostic accuracy for
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ALS would improve if upper motor neuron deficits could be
established objectively [8]. Current clinical practice uses neu-
roimaging to exclude conditions with similar clinical presen-
tations to ALS, but not to either confirm or facilitate the diag-
nosis of ALS. An objective upper motor neuron imaging
marker could shorten diagnostic delay, which is still consider-
able in ALS, and reduce the proportion of misdiagnosed cases
[9].

Furthermore, imaging in ALS could identify the involve-
ment of extramotor brain regions, such as degenerative chang-
es in frontotemporal brain regions. Such changes are associ-
ated with behavioral and cognitive deficits, which are mild in
up to 32 % of cases and moderate to severe in up to 19 % of
cases [10]. These cognitive and behavioral deficits are similar
to those found in frontotemporal dementia (FTD), which
forms a clinicopathological spectrum with ALS as up to
15 % of patients with ALS meet the criteria for FTD [9]. Such
deficits are currently assessed using neuropsychological test-
ing of patients and questionnaires for caregivers. However,
quantitative imaging measures could increase accuracy of de-
tection, and could identify patients with subclinical
extramotor involvement who may be at risk for later develop-
ment of cognitive and behavioral symptoms.

Imaging has become a vital component of the diagnostic
workup for many other neurologic diseases, including multi-
ple sclerosis (MS). Imaging can also guide clinical manage-
ment of patients once diagnosis has been established. For ex-
ample, increased white matter lesions imaged with magnetic
resonance imaging (MRI) have been shown to precede clinical
disease progression in MS, and so provide useful prognostic
information [11]. Subsequently, MRI provides an important
biomarker in clinical trials for MS, allowing more rapid drug
screening. Moreover, MRI has improved the diagnosis, dis-
ease monitoring, and efficiency of clinical trials in MS, and is
as an example of the successful use of imaging to improve
research and clinical care in neurologic diseases.

In this review, we discuss the application of neuroimaging
techniques in the study of ALS. We focus on the most prom-
ising potential diagnostic markers, describing the steps neces-
sary to develop such biomarkers. We also review some early
promising studies, and discuss how such efforts may contrib-
ute to improved therapies for patients with ALS.

Measures of Brain Structure

Brain structure can be examined using high-resolution struc-
tural imaging techniques, including MRI, to measure focal
loss of gray and/or white matter. Data obtained from these
techniques can be analyzed using 2 main approaches: voxel-
based morphometry (VBM) and surface-based morphometry
(SBM) [12, 13]. The acquired image data are normalized to
reference templates using automated postprocessing software.

Subsequently, the images are segmented into gray and white
matter, enabling quantification of brain volume (VBM) and
cortical thickness (SBM).

Diffusion tensor imaging (DTI) can provide a measure of
the integrity of white matter tracts by detecting the direction
and extent of water movement. In healthy, organized tracts,
water movement is directional, whereas in diseased, disorga-
nized tracts it is less so [14]. DTI provides several water dif-
fusivity measures by quantifying water movement along 3
perpendicular axes. The mean diffusivity is calculated by av-
eraging the water diffusivity from these 3 axes. In ALS, the
most commonly reported DTI measurement is fractional an-
isotropy (FA). This provides an overall measurement of the
directionality, otherwise known as anisotropy, of water diffu-
sion along the 3 axes. This can be further broken down into
radial diffusivity, which measures diffusion perpendicular to
the axon sheath (2 axes), and axial diffusivity, which measures
diffusion parallel to the axon sheath (1 axis).

Volumetric Imaging

VBM studies of patients with ALS have demonstrated volu-
metric decreases in gray matter. However, the regions impli-
cated vary, with some reporting decreased gray matter in mo-
tor and extramotor regions [15–20], others reporting de-
creased gray matter in extramotor regions only [21, 22], and
1 study reporting no change in either region [23]. These dis-
crepancies may simply reflect differences in the VBM analy-
ses used [24].

To address this variability, the results from 5 VBM studies,
comprising 84 patients with ALS and 81 healthy controls,
were pooled in a meta-analysis, which reported significant
gray matter loss in the right motor cortex of patients [25].
VBM alterations may show specificity for particular clinical
presentations. A recent study compared patients with classic
ALS, patients with ALS-FTD, and patients with other neuro-
logic diseases, demonstrating reductions in gray matter vol-
ume in motor and extramotor regions only in patients with
ALS-FTD [26]. A recent longitudinal VBM study reported
decreased gray matter volume over 6 months in the motor
and frontotemporal regions, thalami, and caudate [27].

Compared with VBM studies, SBM studies of patients
with ALS uniformly report reduced cortical thickness in pri-
mary motor regions [28–31]. While SBM provides measures
of cortical surface area and cortical volume, it has been dem-
onstrated that cortical thickness is the key metric to detect
changes in ALS [30]. Cortical thinning has been shown to
be a consistent alteration that is specific to upper motor neuron
degeneration in ALS. Cortical changes are not seen in disor-
ders that mimic ALS or in patients with PMA (Fig. 1) [32]. In
addition, clinical disability in particular body regions correlat-
ed with focal cortical changes in corresponding regions of the
somatotopic representation in the motor cortex [32],
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consistent with a previous VBM study [20]. Newer high-
resolution analytic methods, such as fractal dimension analy-
sis, are able to model alterations in the shape of white matter,
providing an additional potential diagnostic biomarker [33].

In conclusion, the findings outlined here support volumet-
ric imaging, particularly evaluation of cortical thickness, as a
promising neuroimaging metric for the development of a di-
agnostic biomarker.

DTI

Axonal degeneration and disorganization of white matter in
ALS are thought to result in changes in water diffusion pa-
rameters [34, 35]. Many studies in ALS have demonstrated
water diffusion alterations, the most common being a decrease
in FA of the corticospinal tract, the posterior limb of the inter-
nal capsule, and the corpus callosum [36]. Patterns of de-
creased FA along the corticospinal tract differ in patients with
ALS with early-stage limb onset compared with patients with
early-stage bulbar onset [37]. FAvalues may also differentiate
between ALS and similar disorders, and therefore DTI could
aid classification of motor neuron diseases. Patients with pri-
mary lateral sclerosis showed the lowest corticospinal tract FA
values, while patients with ALS showed intermediate FA

reductions; the least extensive FA reductions were seen
in patients with PMA. Axial diffusivity and radial dif-
fusivity measures are not as consistent. However, in-
creased axial diffusivity and increased radial diffusivity
in the corticospinal tract and increased radial diffusivity
in the corpus callosum of patients with ALS have been
reported in several studies [38–41]. Furthermore, differ-
ences in axial diffusivity of the corticospinal tract have
been reported when comparing patients with classic
ALS with those with ALS-FTD [42].

Imaging alterations in extramotor regions are reported in
the literature, although less commonly than those in the
corticospinal tract or corpus callosum [43–47]. Such findings
may indicate the involvement of extramotor regions in clinical
symptoms, including behavioral and cognitive disturbances. It
is possible to classify patients according to stage of disease
using patterns of white matter tract alterations that include
extramotor regions, with the greatest effect size for FA chang-
es in the corticospinal tract [48].

In summary, the most promising candidates for diagnostic
DTI biomarkers are FA changes in the corticospinal tract and
corpus callosum. Furthermore, DTI may allow elucidation of
the brain phenotype of ALS by detecting white matter tract
changes in extramotor regions.

Measures of Brain Receptors and Metabolites

Positron emission tomography (PET) and magnetic resonance
spectroscopy (MRS) can be used to examine alterations in
brain receptors and brain metabolites, respectively.

In the ALS literature, there are fewer PETstudies thanMRI
studies, likely owing to the added complexity and costs of
PET. Nonetheless, PET offers the unique opportunity to study
neuronal receptors and protein expression in ALS [49, 50].
PET can be used to map receptors, including the γ-
aminobutyric acidA (GABAA) receptor using [

11C]flumazenil,
and the serotonergic 5-hydroxytryptamine1A receptor using
[11C]WAY100635. Another PET agent, [11C]PK11195, binds
to translocator proteins and is considered a marker of
neuroinflammation.

Proton MRS can provide estimates of neuronal density
and function (N-acetylaspartate), cellular membrane turn-
over (choline), and energy metabolism (creatine) [51].
Short echo times allow detection of metabolites with short
echo relaxation times, including BGlx^ (glutamine + glu-
tamate) and myo-inositol, a marker of glial cells. Al-
though whole-brain approaches for MRS are possible, in
most cases a prescribed volume, or Bvoxel^, is placed in
the brain region of interest. Recently developed MR spec-
tral editing techniques allow for measurement of GABA
at 3T field strength [52].

Fig. 1 Cortical thickness of the precentral gyrus in patients with motor
neuron disease subtypes compared with mimic disorders and healthy
controls. Mean cortical thickness of the precentral gyrus (left and right
averaged) was plotted per study group. Cortical thickness of patients with
amyotrophic lateral sclerosis (ALS) was significantly reduced compared
with patients with a lower motor neuron (LMN) phenotype, mimic
disorders, and healthy controls. Patients with a clinical upper motor
neuron (UMN) phenotype had a significantly lower cortical thickness
compared with patients with ALS. The dashed horizontal line indicates
the mean cortical thickness minus 2 SDs of the control group (i.e.,
controls and mimics combined). MIMIC = mimic disorder; CON =
healthy control. Reproduced with permission from Walhout R,
Westeneng HJ, Verstraete E, et al. Cortical thickness in ALS: towards a
marker for upper motor neuron involvement. J Neurol Neurosurg
Psychiatry 2014;36;1075-1082. Copyright © 2014 BMJ Publishing
Group Ltd
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PET

Both GABAergic and serotonergic systems have been studied
using PET in pat ients with ALS. Reduct ions in
[11C]flumazenil binding in the motor cortex and motor asso-
ciation areas have been demonstrated in patients with sporadic
ALS. In contrast, patients with ALS and the BD90A^mutation
in SOD1 exhibit reductions in [11C]flumazenil binding in the
left frontotemporal region and anterior cingulate gyrus [53].
Global cortical binding of [11C]WAY100635 was similarly
decreased in patients with ALS with the SOD1 mutation and
patients with sporadic ALS (who showed more marked de-
creases), with the largest change for both groups in
frontotemporal regions [54]. There may be different neuronal
vulnerabilities for patients with ALS carrying a SOD1 muta-
tion compared with sporadic ALS, leading to differences in
their cortical imaging signature. Another PET study reported
increased binding of [11C]PK11195 in the motor cortex, dor-
solateral prefrontal gyrus, thalamus, and pons of patients with
ALS, implicating increased microglial activation indicative of
neuroinflammation [55]. However, there was a marked over-
lap of [11C]PK11195 binding for patients with ALS and
healthy controls, tempering enthusiasm for use of this PET
agent as a diagnostic biomarker.

MRS

The most commonly reported finding in ALS studies using
MRS is reduced N-acetylaspartate in the motor cortex, indi-
cating a loss of neuronal integrity in this region [56]. Addi-
tionally, MRS studies report increased myo-inositol in the
motor cortex of patients with ALS [57–59]. However, reports
of Glx alterations in the motor cortex are not consistent, per-
haps partly owing to the effects of riluzole, a glutamate antag-
onist used for ALS treatment. Several studies did not explic-
itly report whether imaged patients were treated with this med-
ication [57, 60–62]. Reduced GABA levels have been report-
ed in the motor cortex of patients with ALS, which is consis-
tent with the results of an earlier PET [11C]flumazenil study
[62, 63]. These results indicate an Binterneuronopathy^ in
which a relative GABA deficiency may contribute to in-
creased glutamatergic activity and subsequent neuronal dam-
age [64]. However, the most promising potential MRS imag-
ing biomarker in ALS isN-acetylaspartate in the motor cortex.
Glx, myo-inositol, and GABA may also be candidates for
diagnostic biomarkers but require additional research to dem-
onstrate the extent of alterations in early disease stages.

Measures of Brain Activity

PET can also measure blood flow and brain function. The
most readily available PET agent is [18F]fluorodeoxyglucose

(FDG), which measures cellular metabolism using a glucose
analog. Compared with other PET agents, [18F]FDG is rela-
tively available for clinical use and does not require an onsite
cyclotron for manufacture.

In contrast to PET, which requires a radioligand, functional
MRI uses the blood oxygen level-dependent (BOLD) signal
from the inherent paramagnetic properties of blood to study
brain activity [65]. Hemoglobin in its deoxygenated state is
susceptible to the magnetic field, whereas oxygenated hemo-
globin is not. Neural activity is accompanied by changes in
blood flow and oxygenation, which can therefore be measured
noninvasively using MRI as a proxy for brain activation.
Functional imaging experiments can measure neural activity
related to motor, cognitive, or emotional stimuli.

PET

An early PET study demonstrated reduced blood flow to the
motor cortex in ALS, with activation of the contralateral mo-
tor cortex during a motor task, suggesting compensatory re-
cruitment within the motor cortical system [66]. Two
[18F]FDG studies of patients with ALS reported increased
metabolic activity in extramotor regions, including the upper
brain stem, mesial temporal region, and cerebellum [67, 68].
Additionally, decreased metabolism was seen in the frontal
brain regions. However, only the larger study reported de-
creased metabolism in the motor cortex [68]. A more recent
study reported reduced metabolism in the frontal, motor, and
occipital regions, and increased metabolism in the midbrain,
temporal pole, and hippocampus in patients with ALS [69]. In
2 studies, patients with ALS could be differentiated from
healthy controls with a high degree of diagnostic accuracy
using [18F]FDG [68, 69]. Undoubtedly, continued develop-
ment of new PET agents will provide more potential bio-
markers for ALS.

Functional MRI

Functional MRI (fMRI) studies of motor function comple-
ment earlier PET results by demonstrating increased recruit-
ment of cortical regions associated with motor processing,
suggesting that the ALS brain attempts to compensate for
functional loss [70, 71]. Recently, abnormalities of prefrontal
activation to letter fluency have been reported in both patients
with PMA and ALS [72]. fMRI using tasks to investigate
cognitive and behavioral performance can provide insights
into processes, such as functional reorganization. However,
for reasons of quantification and standardization it is unlikely
that this type of measure will develop diagnostic markers. The
limitations of task-driven fMRI are particularly evident in the
context of ALS as the patient’s level of disability directly
impairs his or her ability to perform the given task, resulting

406 Verstraete and Foerster



in significant challenges to interpreting the resulting imaging
data.

Network-Based Analyses

The brain is a complex neural network, consisting of structur-
ally and functionally interconnected regions at many levels
[73]. Each brain region has a certain degree of functional
specialization but does not function independently. As de-
scribed above, structural and functional studies have shown
regional gray and white matter changes in ALS.Most changes
involve motor regions, but altered extramotor regions are also
reported. Network-based analyses explore the changes in
structural and functional connectivity within brain networks
at a system-wide level, to better understand the relationship
between motor and extramotor alterations seen in the ALS
brain.

Functional Connectivity Resting-State fMRI

Resting-state fMRI (rs-fMRI) provides a measure of basal
brain activity using BOLD imaging techniques. Using the
rs-fMRI data, functional connectivity of the brain is then eval-
uated based on the degree of synchronization of low-
frequency oscillations between anatomically separated brain
regions [73, 74]. Research has shown that patterns of correlat-
ed activity in the human brain reflect functional communica-
tion between neuronal populations of anatomically separated
brain regions [75, 76]. Functional connectivity studies of ALS
have used different methodological approaches, some focus-
ing only on the sensorimotor network or structurally affected
regions (e.g., defined by VBM), while others use a whole-
brain approach.

The first rs-fMRI study evaluated 5 resting state networks,
reporting reduced connectivity in the default mode and senso-
rimotor networks [77]. The default mode network comprises
widespread areas throughout the brain, including the medial
frontal regions, parietal regions, inferior temporal gyrus, cin-
gulate cortex, and precuneus, and is consistently deactivated
during the performance of cognitive tasks [78, 79]. The sen-
sorimotor network is composed of the primary motor cortex,
anterior cingulate cortex, somatosensory regions, and auditory
cortex [80]. Others report reduced functional connectivity in
the motor network [81, 82]. However, several subsequent
studies report increased functional activity between the senso-
rimotor cortex and extramotor regions [83, 84], or subregions
of either increased or decreased functional coherence within
the sensorimotor network [85]. A recent study investigated
links between functional and structural connectivity in ALS,
reporting that these effects change in the same direction. Thus,
connections with reduced structural integrity also show re-
duced functional connectivity [86].

A study found connectivity changes in the default mode
and frontoparietal networks in patients with ALS compared
with healthy controls, which were associated with measures of
cognition and behavior. Enhanced parietal connectivity was
associated with cognitive deficits in the patients with ALS,
perhaps representing a compensatory mechanism [87]. In line
with this study, a recent rs-fMRI study examined both patients
with FTD and ALS, showing increased activation in the pos-
terior cingulate cortex in patients with behavioral-variant
FTD, while activation in these areas was suppressed in pa-
tients with ALS. However, overall functional connectivity
patterns in ALS and FTD were strikingly similar [88]. It is
expected that techniques with much higher temporal resolu-
tions than fMRI, such as magnetoencephalography, will pro-
vide future insights into functional connectivity changes in the
context of ALS [89].

Structural Connectivity DTI

In addition to studying selected white matter tracts, DTI also
allows reconstruction of the entire structural brain network.
Using network-based statistics, research has shown that pa-
tients with ALS have an impaired subnetwork compared with
healthy controls. This subnetwork includes bilateral primary
motor regions, bilateral supplementary motor regions, regions
of the basal ganglia, the left hippocampus, right posterior cin-
gulate, and right precuneus [90]. A recent study applied a
similar analysis, using network-based statistics in a different
ALS cohort and revealed a subnetwork involving very similar
connections [91]. Longitudinal connectivity changes appear
to expand with the subnetwork of affected structural connec-
tions involving frontal, temporal, and parietal regions (Fig. 2)
[92].

Assessing affected subnetworks in individual patients may
provide important diagnostic and prognostic information. This
would provide information about which connections are in-
volved and the extent to which brain networks are involved.
Disease progression could be monitored by assessing changes
over time. However, the complexity of this type of analysis
may complicate translation to clinical practice.

What Barriers Must Be Overcome?

Over the last decade, the number of published studies of neu-
roimaging in ALS has increased considerably. Despite this
increase, there are still no clinically meaningful imaging bio-
markers for the involvement of upper motor neurons. There
are several barriers to overcome to achieve this goal.

First, imaging studies need to progress from group-level
analyses to the use of imaging data for prediction at the indi-
vidual level. Second, to ensure generalizability to the clinic,
patients included in imaging studies should closely resemble
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patients that are seen routinely in clinical practice. As such,
MRI studies of diagnostic markers for ALS should include
patient cohorts similar to the patients referred to the neuro-
muscular clinic, including those with uncertain or alternative
diagnoses. Ideally, patients would be imaged as part of the
initial diagnostic work-up. To date, the large majority of im-
aging studies in ALS have studied patients with a relatively

long disease duration—much longer than the average diag-
nostic delay of 10–12 months [9]. These patients likely have
more advanced disease, which may lead to overestimation of
effect sizes. Conversely, patients who remain eligible for in-
clusion in an MRI study 2 years after an ALS diagnosis may
represent a subgroup with relatively slow disease progression,
which would be reflected in the imaging results. Additionally,

Fig. 2 Longitudinal structural connectivity changes in amyotrophic
lateral sclerosis (ALS). This figure shows the reconstructed structural
brain networks, and affected connections in 25 patients with ALS
compared with a group of healthy controls at 2 time points. a The
affected connections and interconnecting nodes are displayed in red
comparing patients at baseline and follow-up (after an average of
5.5 months) with a group of healthy controls. The size of the nodes is
determined by their degree (number of structural connections). Nodes and
connections are red if they are part of the affected subnetwork. The
affected subnetwork at follow-up included more structural connections,

extending mainly to frontal and parietal brain regions. b This figure
shows all brain regions arranged on a ring. The red nodes and
connections are part of the affected subnetwork, showing an increasing
number of affected connections and regions at follow-up compared with
baseline. R = right; L = left; sub = subcortical structures; T=1 = first time
point; T=2 = second time point. Reproduced with permission from
Verstraete E, Veldink JH, van den Berg LH, van den Heuvel MP.
Structural brain network imaging shows expanding disconnection of the
motor system in amyotrophic lateral sclerosis. Hum Brain Mapp
2014;35:1351-1361. Copyright © 2013 Wiley Periodicals, Inc
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it is crucial to include patients with other neurological diagno-
ses, preferably ALSmimics, in order to establish specificity of
the diagnostic biomarker under investigation [93].

Phases of Diagnostic Test Development

Diagnostic tests must proceed through a series of development
phases before they are considered validated for clinical use.
Given the time requirements and costs of assessments of new
technology, it is pragmatic to evaluate diagnostic tests using a
step-wise approach. As in drug development, the proposed
diagnostic test in question must meet objective endpoints, as
each successive phase requires greater resources. Steps in the
development of a proposed diagnostic test can be divided into
4 phases: 1) establish a range of normal values as compared
with the diseased state; 2) test diagnostic accuracy under ideal
conditions; 3) test diagnostic accuracy under clinically rele-
vant conditions; and 4) determine impact of diagnostic test on
clinical outcomes [94, 95].

Phase 1 Studies

These studies are designed to assess group differences be-
tween healthy controls and patients known to have the target
disease. If patients with the target disease have a significantly
different set of values compared with the range for healthy
controls, this provides evidence that the test may hold promise
as a diagnostic test, providing justification to proceed to the
more resource intensive later phases. These types of studies
can provide important understanding about the underlying
pathophysiology of the studied disease, and provide new tar-
gets for treatment. A common statistical test used for this
phase is a t test. The vast majority of ALS neuroimaging
studies fall into the phase 1 category.

Phase 2 Studies

Whereas phase 1 studies focus on group differences, phase 2
studies are targeted at the individual level. Although the same
data can be used as in phase 1, phase 2 investigates whether
patients with confirmed disease are more likely to have a
positive result than healthy controls. Statistical analyses for
this phase generally include determination of a receiver oper-
ating characteristic (ROC) curve, sensitivity, specificity, and
likelihood ratios for the assessment of diagnostic accuracy.
Although favorable results at this phase are encouraging, it
must be recognized (and reported) that this diagnostic evalu-
ation is done under ideal conditions. In clinical practice, diag-
nostic tests are ordered for patients for whom a diagnosis has
not yet been established. This brings us to phase 3 of diagnos-
tic test development.

Phase 3 Studies

Phase 3 addresses the clinically relevant question of how well
the test in question correctly classifies disease in those patients
with suspected disease. For example, a patient might present
with lower motor neuron symptoms but no clear upper motor
neuron signs. Test results from a neuroimaging study (e.g., FA
along the corticospinal tract) could be used to classify patients
with or without disease, using the imaging parameter. Longi-
tudinal monitoring of the patient could then assess whether
there is a conversion to a diagnosis of ALS. Once again, sta-
tistical analyses require determination of a ROC curve, sensi-
tivity, specificity, and likelihood ratios. Phase 3 studies require
additional resources and effort compared with phase 2 studies
given the challenges inherent in recruiting the appropriate
subjects, designing, and executing such study protocols to
ensure a clinically relevant spectrum of suspected disease.

Phase 4 Studies

Ultimately, the key clinical question about a diagnostic test
under evaluation is whether it improves outcomes for the pa-
tient. Randomization is required to assess classification mea-
sures accurately, adding significant cost and complexity to
phase 4 studies. In ALS, as in other neurodegenerative dis-
eases, there are no current lifesaving treatments, making the
benefit of a diagnostic test less evident. However, new treat-
ments are on the horizon. An earlier diagnosis for patients who
fall into the suspected disease category may particularly ben-
efit from new potential treatments. In addition, an accurate
diagnostic test has important implications for clinical manage-
ment and practice. First, it prevents the clinician from
performing additional diagnostic tests or unnecessary surgical
interventions, which may potentially harm the patient. Sec-
ond, it shifts the focus towards optimizing disease manage-
ment. From the patient perspective, a definitive diagnostic test
provides added Bvalue in knowing^ [96], allowing the patient
to seek closure psychologically after a Bcertain^ diagnosis and
make life plans. In the case of a potential familial condition, it
is important to establish a correct diagnosis more rapidly so
the family member can receive genetic counseling.

Analyzing Imaging Data

Challenges for Analyses

The attributes of an ideal diagnostic neuroimaging biomarker
for ALS would include quick and easy acquisition (i.e., short
MRI acquisition time), easy interpretation (i.e., visual depic-
tion of the imaging data with clear findings), and high diag-
nostic accuracy (i.e., high sensitivity and specificity). An
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example of a neuroimaging biomarker with these attributes is
diffusion-weighted imaging for stroke.

Several of the neuroimaging techniques described in previ-
ous sections are relatively easy to acquire. However, signifi-
cant challenges remain for analyzing the imaging data and
establishing sufficient diagnostic accuracy. Several phase 2
studies have evaluated the diagnostic accuracy using single
neuroimaging modalities, such as DTI and cortical thickness,
with encouraging results, although clinical utility is currently
limited [28, 30, 32, 58, 97–101]. Using different statistical
approaches, two meta-analyses evaluated several DTI studies
and found that a single imaging metric results in marginal
diagnostic accuracy measures (Fig. 3) [102, 103]. Given high
clinical heterogeneity, the involvement of both motor and
extramotor systems, and the likely convergence of multiple
pathogenic mechanisms in ALS [104], it is becoming increas-
ingly clear that a multidimensional approach for diagnostic
neuroimaging biomarkers is necessary.

A multidimensional approach requires advanced statistical
methods to identify salient features and develop a “finger-
print” of the disease. Just as in genetics, one of the key chal-
lenges in performing imaging analysis is that the datasets con-
sist of large amounts of data derived from relatively small
sample sizes. For example, a resting-state fMRI dataset from
a single patient can consist of thousands of potentially impor-
tant variables that must be analyzed. Traditionally, such large

datasets have been analyzed using univariate ap-
proaches, such as statistical parametric mapping. Here,
a single variable (such as voxel intensity, derived from
the BOLD signal of fMRI) is compared at each specific
brain location between different groups [105]. Univari-
ate techniques are generally designed to detect group
differences, and have limited utility to perform disease
classification at the individual level [106]. Therefore,
advanced statistical modeling approaches and network-
based approaches are increasingly applied to Bbig
datasets^, such as those generated in neuroimaging, to
generate robust discrimination models for biomarker de-
velopment [107].

Applying Advanced Statistical Approaches

Machine learning is the science of applying learning algo-
rithms to solve complex problems. In essence, the software
is designed to Blearn^ patterns from the data to classify pa-
tients into categories (e.g., diseased or not diseased). The ap-
proach consists of 2 stages: 1) the training dataset is used to
identify key features and build a statistical model for discrim-
ination; and 2) the validation dataset is used to test the statis-
tical model built from the first stage to assess generalizability
to a wider population [108]. Specifically, the statistical model
predicts the presence or absence of disease at an individual
level.

In comparison to univariate analysis, machine learning
methods allow for the incorporation of a large number of
potential variables, resulting in multivariate pattern analysis.
In such an analysis, data do not have to meet criteria of sig-
nificance required using univariate models, thereby incorpo-
rating statistically insignificant information that is nonetheless
important for the classification of disease [107]. As an exam-
ple, machine learning was compared with univariate tech-
niques for classification of patients with ALS from healthy
controls, using resting-state fMRI data (i.e., a phase 2 diag-
nostic study). The machine learning algorithm had a higher
classification accuracy of 72 % compared with univariate
analysis, which had a classification accuracy of 54 % [109].
Although this example used only one MRI modality, the goal
would be to incorporate several neuroimagingmodalities. Fur-
thermore, network-based system analyses can be integrated
into machine learning algorithms.

There are inherent limitations to machine learning. For ex-
ample, the resulting model may be too finely tuned to the
training set, producing a nongeneralizable model. Machine
learning also has difficulty handling and compensating for
noise in data. Nevertheless, machine learning will be a key
component in development of diagnostic neuroimaging bio-
markers for ALS, as it can incorporate and process a large
number of potentially important data, and perform predictions
at an individual level.

Fig. 3 Meta-analysis evaluating diagnostic accuracy of diffusion tensor
imaging (DTI) for ALS. The summary operating point (diamond)
represents the intersection of overall sensitivity and specificity. AUC =
area under the curve; SROC = summary receiver operator curve; SENS =
sensitivity; SPEC = specificity. Reproduced with permission from
Foerster BR, Dwamena BA, Petrou M, et al. Diagnostic accuracy using
diffusion tensor imaging in the diagnosis of ALS: a meta-analysis. Acad
Radiol 2012;19:1075-1086. Copyright © 2012 Elsevier, Inc
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Multidimensional Diagnostic Study Examples

There is much overlap of imaging results between patients
with ALS and healthy controls reported in phase 1 studies
using various neuroimaging techniques. Thus, it is becoming
increasingly clear that development of a neuroimaging bio-
marker will require the acquisition and analysis of multiple
imaging parameters.

There are several examples of multimodal imaging studies
in the literature. Filipinni et al. [40] studied 24 patients with
longstanding ALS and 24 age- and sex-matched healthy con-
trols. Using DTI and high-resolution structural imaging, they
reported a diagnostic accuracy of 92 %. Work by our own
group reported 93 % diagnostic accuracy using DTI and
MRS to classify 29 patients with longstanding ALS and 30
age- and sex-matched healthy controls (Fig. 4) [93]. Van Laere
et al. [68] studied 81 patients with a suspected diagnosis of
ALS and compared them with 20 healthy controls using
[18F]FDG PET imaging.Machine learningmethods were used
to analyze multiple regions of the brain, resulting in a diag-
nostic accuracy of 95 %. In another [18F]FDG PET study,
Pagani et al. [69] studied 195 patients with ALS and compared
them with 40 healthy controls, resulting in a diagnostic accu-
racy of 95 %.

It is important to evaluate the quality of any diagnostic
phase study to determine potential biases that may affect the
generalizability of results to a larger, external population.
Many biomedical journals recommend that the Standards for

Reporting of Diagnostic accuracy checklist be used to im-
prove the accuracy and completeness of study reporting
[110]. As an example, the Standards for Reporting of Diag-
nostic checklist for the abovementioned 4 studies is presented
in Table 1. It is important to note that none of these studies
validated the reported test performance in an independent
sample, which is a critical step in establishing potential gen-
eralizability of the proposed approaches.

Multicenter Efforts

As illustrated above, there have been several relatively small
studies using neuroimaging methods to study ALS. There are
increasing efforts to combine imaging datasets across centers,
generating Bretrospective^ multicenter imaging studies. The
Neuroimaging Society in ALS is a consortium of international
researchers focused on applying imaging techniques to better
understand the pathophysiology of the disease and to develop
much needed biomarkers for ALS [111]. Efforts of the group
include standardization of imaging protocols and the develop-
ment of an imaging databank to combine datasets. Challenges
to be overcome include heterogeneity of both clinical and
imaging data [112]. An encouraging example comes from
the Alzheimer’s disease literature in which machine learning
methods were applied to analyze structuralMRI data collected
from multiple centers. The machine learning model was able
to classify the patients with different subtypes of dementia
with high accuracy [113]. Prospective multicenter trials will
certainly be a significant step forward in the development of
neuroimaging biomarkers for ALS.

Future Directions

Several limitations exist in the literature that must be ad-
dressed in future investigations regarding the potential of neu-
roimaging to serve as a diagnostic biomarker. To perform
assessments at an individual level, normative data from a large
number of healthy controls are required. Normative data can
also be used as a first step to explore heterogeneity of imaging
parameters across different imaging sites and equipment. Het-
erogeneity in collected data needs to determined and ad-
dressed statistically to ensure the generalizability of any pro-
posed neuroimaging biomarker for ALS. As discussed above,
additional efforts are required to understand the true effect size
of neuroimaging metrics in patients with early disease. Lon-
gitudinal studies are required for phase 3 studies, in which
patients with suspected disease are enrolled and followed clin-
ically to assess for conversion to definite disease status. Last,
consideration should be given to incorporating other
nonimaging test results, such as serum and cerebrospinal fluid
markers.

Fig. 4 Receiver operator curve demonstrating significant increases in
added utility of combining magnetic resonance spectroscopy (MRS)
and diffusion tensor imagin (DTI) for amyotropic lateral sclerosis. Solid
line represents the model using only DTI fractional anisotropy (FA)
values of the corticospinal tracts. Dashed line represents the model
using DTI FA values of the corticospinal tracts combined with MRS
data of the motor cortex. AUC = area under the curve. Reproduced
with permission from Foerster BR, Carlos RC, Dwamena BA, et al.
Multimodal MRI as a diagnostic biomarker for amytrophic lateral
sclerosis. Ann Clin Transl Neurol 2014;1:1-8. Copyright © 2014 Wiley,
Inc
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How Can Imaging Contribute to Therapy?

Most clinical trials use the revised El Escorial criteria to iden-
tify patients for inclusion with BClinically Definite ALS^,
BClinically Probable ALS^, or BClinically Probable
Laboratory-supported ALS^ [114]. However, some patients
do not fulfill inclusion criterion owing to a lack of upper motor
neuron signs at the clinical examination. In these cases, an
imaging marker to objectively assess upper motor neuron in-
volvement could contribute to diagnosis, much like electro-
myography serves as an objective marker for lower motor
neuron involvement [5]. Such an approach could facilitate
an earlier diagnosis of ALS, and enable therapeutic interven-
tions at an earlier stage of the disease process.

An extension of this concept is to use imaging to study
genetic carriers of the disease who are presymptomatic. Ge-
netic studies have identified the genetic basis of 60–70 % of
individuals with familial ALS, resulting in recent years in a
substantial increase in the number of identifiable presymptom-
atic carriers of ALS gene mutations [115, 116]. Studies of
presymptomatic carriers hold promise to reveal the underlying

pathophysiology changes that occur before clinical symptoms
are evident. For example, previous imaging studies including
presymptomatic carriers of the SOD1 gene have shown alter-
ations, suggesting ALS pathologymay be present years before
clinical symptoms occur [53, 117, 118]. However, it is uncer-
tain to what extent ALS caused by SOD1 pathology can be
generalized to patients with sporadic ALS. Furthermore, lon-
gitudinal studies of presymptomatic carriers are lacking.

In addition to aiding ALS diagnosis, neuroimaging studies
may increase our knowledge of fundamental disease process-
es, which may differ on an individual patient basis [119]. An
important recent insight supported by several imaging studies
has been the potential spread of disease along connections in
brain networks [48, 92]. Furthermore, imaging data are in-
creasingly supported by cellular and molecular studies. Such
efforts will help facilitate the development of treatments
aimed at inhibiting the spread of disease. Another promising
direction of research is the exploration of brain phenotypes of
patients within the clinical spectrum of ALS-FTD. This brain
phenotype may depend upon the underlying pathology, for
example TDP-43, TAU, or SOD1. Furthermore, increasing

Table 1 Standards for Reporting of Diagnostic checklist for diagnostic multidimensional imaging studies

Filippini et al. 2010
[40]

Foerster et al. 2014
[93]

Van Laere et al. 2014 [68] Pagani et al. 2014
[69]

Article identified as diagnostic accuracy study No No No No

State study aims Yes Yes Yes Yes

Study population described Yes Yes Yes Yes

Describe participant recruitment Yes Yes Yes Yes

Describe participant sampling Yes No Yes No

Describe data collection Yes Yes Yes Yes

Describe reference standard Yes Yes Yes Yes

Describe technical specifications Yes Yes Yes Yes

Describe definition of cut-offs and index
test results

No Yes Yes Yes

Describe the number and expertise of persons
reading tests

Yes Yes Yes No

Describe whether blinding was used No Yes No No

Describe methods for calculating diagnostic
accuracy measures

Yes Yes Yes Yes

Report dates of study No No Yes Yes

Report clinical and demographic information
of subjects

Yes Yes Yes Yes

Report subject drop-outs Yes Yes Yes Yes

Report time interval between index test and
reference standard

Yes Yes Yes Yes

Report distribution of disease Yes Yes Yes Yes

Report estimates of diagnostic accuracy Yes Yes Yes Yes

Report measures of uncertainty in diagnostic
accuracy

No Yes No Yes

Report how indeterminate results were handled Yes Yes Yes Yes

Discuss clinical applicability of the study
findings

Yes Yes Yes Yes
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insights into various pathophysiologic processes occurring in
ALS may enable targeted therapies. Imaging could be used to
evaluate therapeutic responses along these different patho-
physiologic cascades. Imaging markers for disease progres-
sion in ALS would facilitate drug discovery in clinical trials
by detecting treatment responses that are not detected by clin-
ical measures or by identifying a differential response in a
subgroup of patients [8, 120, 121].

Conclusions

There is growing interest in using neuroimaging to improve
our understanding of ALS. Neuroimaging holds promise to
facilitate diagnosis by providing objective upper motor neuron
markers, as well as markers for extramotor brain involvement.
In addition to diagnostic value, imaging metrics may be used
to monitor disease progression, and aid clinical trials and drug
discovery.

Neuroimaging has provided compelling evidence that ALS
is a complex disease affecting different regions of the brain
and resulting in changes of structure, receptors, metabolism,
and connectivity. We have highlighted the current leading
neuroimaging modalities that could potentially provide diag-
nostic biomarkers. Imaging can interrogate pathophysiology
noninvasively and at early stages, particularly in patients who
do not have convincing clinical examination findings, provid-
ing an opportunity for early therapeutic intervention and better
patient outcomes.

Given the complexity of the disease, a multimodal ap-
proach and advanced statistical/network-based analyses will
be required to develop meaningful diagnostic biomarkers. A
step-wise approach to the development of diagnostic bio-
markers for ALS is important given the challenges of studying
such a heterogeneous, relatively fast-progressing, and fatal
disease. Last, multicenter trials will be needed to establish
generalizability of any proposed biomarker to clinical
practice.
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