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ARTICLE INFORMATION AIM: To test the network degeneration hypothesis in multiple sclerosis (MS) with a two-
stage coordinate-based meta-analysis by: (1) characterising regional selectivity of grey mat-
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etry analysis demonstrating GM atrophy. Mass univariate and multivariate coordinate-based
meta-analyses were performed to identify a convergent pattern of GM atrophy and determine
inter-regional co-activation (as a surrogate of functional connectivity), with anatomical likelihood
estimation and functional meta-analytic connectivity modelling, respectively.

RESULTS: Localised GM atrophy was demonstrated in the thalamus, putamen, caudate,
sensorimotor cortex, insula, superior temporal gyrus, and cingulate gyrus. This convergent
pattern of atrophy displayed significant inter-regional functional co-activations.

CONCLUSION: In MS, GM atrophy was regionally selective, and these regions were func-
tionally connected. The meta-analytic model-based results of this study are intended to guide
future development of quantitative neuroimaging markers for diagnosis, evaluating disease
progression, and monitoring treatment response.
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Introduction

Multiple sclerosis (MS) is classically described as an in-
flammatory and demyelinating condition involving the
white matter (WM) of the central nervous system.' Current
clinical magnetic resonance imaging (MRI) methods focus
primarily on the enhancement patterns of demyelinating
lesions for diagnosis, which show limited correlation with
disease progression.” Additionally, treatment with immu-
nomodulatory therapy has been found to be partly effective
in early MS but inadequate in managing the spectrum of
disease subtypes.! These limitations in patient management
have prompted further research to elucidate the patho-
physiology of MS. More recently, MS effects have been
shown to involve the grey matter (GM) and appear to be
more widespread than previously thought.>* Although
inflammation and atrophy have both been found in GM to
some degree, neurodegeneration has been described as the
primary process that is present throughout the disease
course.>” Although the pathological substrate of GM atro-
phy is as yet unknown, it is evident that GM atrophy is
nevertheless a substantial component of MS pathology.

The distribution of GM atrophy in MS has been reported
to be focal, involving selective regions, rather than
diffuse.®’ There is growing evidence that localised atrophy
of subcortical structures demonstrates a strong association
with cognitive impairment, more so than the WM lesion
load.®® Additionally, GM atrophy involving the sensori-
motor cortex has been shown to correlate strongly with
clinical disability.>”'° Given the difficulty of visualising
subtle GM changes, quantitative neuroimaging methods
such as voxel-based morphometry (VBM) can be used to
characterise GM atrophy on T1-weighted MRI; this analysis,
however, is limited to group-wise testing.'! On the other
hand, functional imaging enables analysis at the per-subject
level.'? Furthermore, detection of functional abnormalities
may be more sensitive than structural abnormalities.">'*

Functional network abnormalities have been described
in several neurodegenerative disorders.””!” Additionally,
brain regions that are selectively vulnerable to GM atrophy
have been shown to act as “nodes” in functional networks;
this forms the basis for the network degeneration hypoth-
esis (NDH).'”'® One could then consider the regions affected
by GM atrophy as a network and assess the functional
relationship between these regions (i.e., functional con-
nectivity). In MS, functional network abnormalities have
been demonstrated, but the heterogeneity of study designs
and findings necessarily limit their generalisability.'
Therefore, to test the NDH in MS, there is a need to deter-
mine convergent structural and functional changes by: (1)
defining localised regions of GM atrophy and (2) creating a
functional connectivity model based on these GM regions.
To this end, the BrainMap neuroimaging database was used
to perform structure-based functional connectivity model-
ling meta-analytically.?°

Coordinate-based meta-analysis (CBMA) using BrainMap
is a powerful method used to quantify consistent structural
brain alterations and determine associated functional
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network involvement without laboratory bias.”! The
BrainMap environment includes published coordinate-
based results data standardised using an X—y—z mapping
system of the brain.’’ There are two domains in the data-
base: functional (3,261 publications, 16,158 experiments,
125,588 coordinates, 72,299 patients) and structural (994
publications, 3,151 experiments, 125,588 coordinates,
72,299 patients).?? This large-scale, data-driven approach
mitigates against the limitations faced by individual pri-
mary studies with relatively restricted sample sizes. Addi-
tionally, CBMA uses data-reduction to circumvent the issue
of heterogeneity in the literature. This is accomplished by
applying the anatomical likelihood estimation (ALE) algo-
rithm to BrainMap data, which provides statistical rigor in
computing significant convergence of neuroimaging re-
sults.'*#1523 ALE first estimates the spatial uncertainty
(probability distribution) of each point in coordinate-based
data by accounting for inter-subject and inter-laboratory
variability typically observed in individual experiments.?*
Then, the algorithm computes the union of spatial proba-
bilities for each voxel and calculates the above-chance
clustering of results between experiments (i.e., random-
effects analysis). Subsequently, the structural results from
ALE can be used in functional meta-analytic connectivity
modelling (fMACM) to determine inter-regional co-activa-
tion, which is a surrogate for functional connectivity.”*?°
fMACM results are comparable to functional connectivity
analyses in healthy controls and have been validated using
resting-state functional MRI (fMRI).”4 2° Thus, the disease-
specific functional network model derived from this study
can be applied directly in primary resting-state fMRI data to
characterise functional connectivity abnormalities in MS
patients.

The goal of this study was to test the NDH in localised GM
atrophy using coordinate-based meta-connectomic
modelling techniques.?’ It was hypothesised that in MS (1)
GM atrophy would be regionally selective and (2) these
affected regions would be connected functionally. This
model-based strategy may serve to guide future develop-
ment of quantitative neuroimaging markers for diagnosis,
evaluating disease progression, and monitoring treatment
response.

Materials and methods

The study protocol adhered to standard quality criteria of
BrainMap CBMA, which is based on the BrainMap meta-
data coding scheme.?! This study was also compliant with
the Preferred Reporting Items for Systematic Reviews and
Meta-analyses statement.”®

Data sources and searches

VBM publications considered for meta-analysis were
identified in BrainMap using Sleuth (Version 2.4, http://
www.brainmap.org/sleuth/). The search logic included:
(Diagnosis matches “Any”—either MS or clinically isolated
syndrome [CIS]) AND (Contrast is GM). To identify


http://www.brainmap.org/sleuth/
http://www.brainmap.org/sleuth/
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publications not yet in BrainMap, a comprehensive search
was performed in PubMed, Science Direct, Web of Knowl-
edge, and Scopus from inception to 19 October 2017 for
peer-reviewed English-language journal articles. Keywords
for the search included: [(“multiple sclerosis” OR “MS”),
(“clinically isolated syndrome” OR “CIS”)] AND [(“voxel-
based morphometry” OR “VBM” OR “voxelwise”)]. Refer-
enced publications were also searched for additional sour-
ces of data. Papers that included x—y—z coordinate-based
data in Montreal Neurological Institute (MNI) or Talairach
space were coded and submitted to BrainMap using Scribe
(Version 3.0, http://www.brainmap.org/scribe/). Submitted
papers were published in the database after thorough re-
view and quality control by dedicated support staff.’!

Study selection

VBM publications identified in BrainMap were reviewed
systematically (Fig 1). The data were screened for duplica-
tion at the paper and experiment level. An experiment is
defined as a group contrast resulting in a statistical
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parametric map. Particular attention was paid to publica-
tions by the same authors to avoid redundancy of datasets.
Eligibility criteria were applied for study inclusion: whole-
brain VBM analysis, results demonstrating GM atrophy,
and group contrast of MS or CIS with healthy controls.

Data extraction from BrainMap

Coordinate-based data were exported from BrainMap in
MNI standard space using Sleuth (Version 2.4, http://www.
brainmap.org/sleuth/) for ALE analysis. Coordinates origi-
nally in Talairach standard space were transformed with
icbm2tal, which minimises spatial disparity between Talairach
and MNI coordinates, thus facilitating accuracy of CBMA.*

Data synthesis and analysis

ALE

ALE analysis was performed to determine a consistent
pattern of GM atrophy in MS (GingerALE 2.3.6, http://www.
brainmap.org/ale/). The defined regions of atrophy (i.e.

. 1dent¥ﬁed Additional records identified through other sources and
through the BrainMap coded into BrainMap (37 papers)
Database (15 papers) P pap
\L l/ L__ | Paper
. . . . Level
All records identified in BrainMap (52 papers)**
‘ Records screened for duplication across and within papers (52 papers) l -
Records excluded Records remaining after duplicates removed
(12 experiments) (125 experiments)
Records assessed for Reasons for excluding papers and experiments:
eligibility — ’ X . L. Experiment
(125 experiments) - Reason 1: Not a VBM analysis d.emonstra!mg gray matter Level
atrophy (8 experiments)
- Reason 2: No comparison with healthy controls
(72 experiments)
Records remaining after systematic review (33 papers, 45 experiments)
Records included in meta-analysis (33 papers, 45 experiments) o

* Based on suggestions from PRISMA guidelines (Liberati et al., 2009).

@ BrainMap.org

** Data included in this step has already been screened for Region of Interest (ROI) data— only whole-brain

coordinate results are coded into the BrainMap database.

Figure 1 Systematic review and study selection in coordinate-based meta-analysis. Published voxel-based morphometry studies in MS and
clinically isolated syndrome were systematically reviewed for inclusion in the meta-analysis. Study selection adhered to standard quality criteria
of BrainMap coordinate-based meta-analysis in addition to the Preferred Reporting Items for Systematic Reviews and Meta-analyses statement.
**Data included in this step has already been screened for region-of-interest data—only whole-brain coordinate results are coded into the

BrainMap database.


http://www.brainmap.org/scribe/
http://www.brainmap.org/sleuth/
http://www.brainmap.org/sleuth/
http://www.brainmap.org/ale/
http://www.brainmap.org/ale/
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Figure 2 Anatomical likelihood estimation (ALE) atrophy map. A
convergent pattern of GM atrophy was identified in MS. Regionally
selective neurodegeneration affected both cortical and subcortical
structures: bilateral thalamic pulvinar, right thalamic medial dorsal
nucleus, right caudate body, left caudate head, right anterior cingu-
late cortex, left posterior cingulate cortex, left claustrum, bilateral
insula, bilateral putamen, bilateral precentral gyrus, bilateral post-
central gyrus, and left superior temporal gyrus. ALE results were
family-wise error corrected with a cluster-forming threshold of
p<0.001 and cluster-level inference of 0.05. Results were overlaid on
the Colin27 brain template in Montreal Neurological Institute coor-
dinate space.

atrophy seeds/nodes) then served as regions-of-interest
(ROIs) in the subsequent fMACM analysis. The ALE algo-
rithm treats each coordinate as a Gaussian probability dis-
tribution to account for spatial uncertainty.”> A whole-brain
statistical parametric map was created by calculating the
spatial convergence (i.e. above-chance clustering) of co-
ordinates within and across experiments.>® Each voxel was
assigned an ALE value to reflect the union of these proba-
bilities after mass univariate testing.”®> The statistical sig-
nificance threshold was determined with a Monte Carlo-
based approach to permutation testing.”>*° To minimise
within-experiment and within-group effects, the optimised
ALE algorithm was used, which allows the ALE values to
more accurately reflect the degree of foci convergence
across studies.’!

The ALE maxima of the cluster results were modelled as
three-dimensional (3D) Gaussian point-spread functions to
account for error in spatial localisation, and the full-width
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half-maximum of the Gaussians were calculated with the
random-effects approach, which scales spatial uncertainty
with sample size.’ Thus, ALE results would be weighted
more reasonably toward experiments with larger sample
sizes.>” To avoid overcorrection resulting in an inappropri-
ately small full-width half-maximum, 4 mm was applied to
the ALE settings for the VBM dataset.

Each publication utilised voxel-wise group-level com-
parisons, the methods of which are well-described.'" The
most common source of bias within individual studies was
small sample size, which is corrected for in the ALE algo-
rithm.>! Failure to report negative findings (file-drawer ef-
fect) is a form of publication bias that is problematic for
meta-analytic computations of effect size but inconse-
quential for CBMA, which compute cross-study conver-
gence.32 False-positive effects, on the other hand, are a
serious problem for functional neuroimaging, for which
CBMA offers a robust solution.**>*

fMACM

fMACM was utilised to assess for functional connectivity
involving regions of GM atrophy in a multivariate manner.”*
Seed-to-whole-brain and region-to-region analyses were
performed for ROIs defined at atrophy seeds/nodes, which
were centred at local ALE maxima from the VBM ALE anal-
ysis. For seed-to-whole brain fMACM, whole-brain co-acti-
vation was tested for each atrophy seed; the co-activation
images were then binarised and added spatially using the
Multi-image Analysis GUI software (Mango; http://ric.
uthscsa.edu/mango/). Additionally, region-to-region fMACM
was performed for each atrophy seed to identify the most
significant functional co-activations. An ROI diameter of 10
mm was used for all fIMACM analyses, which follows updated
guidelines for performing a valid ALE analysis with cluster-
level thresholding.>> The fMACM model was constructed
using task-evoked fMRI and positron-emission tomography
(PET) activations-only data from healthy controls within
BrainMap (2,395 publications, 9,007 experiments, 76,252
coordinates, 39,268 patients, 8,724 conditions).

Data availability

The year of publication, first author, journal, and unique
BrainMap identification number of all publications in this
meta-analysis are provided in Electronic Supplementary
Material Table S1 to allow replication of findings.

Results
Study inclusion and characteristics

Thirty-three publications with 45 experiments were
included in the VBM ALE analysis (Electronic
Supplementary Material Table S1), which included 562 co-
ordinates and 2,935 patients (1,666 MS patients and 1,269
healthy controls). The dataset fulfils the ALE-specific criteria
for determining sufficient power to detect moderate effects,
which requires at least 20 experiments within each data-
set.>” Initially, 15 publications were identified in BrainMap;


http://ric.uthscsa.edu/mango/
http://ric.uthscsa.edu/mango/

Table 1
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Anatomical likelihood estimation (ALE) clusters.
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Cluster no. Volume (mm?) Seed/node no. Anatomical regions Maximum ALE value (x1073) MNI coordinates of
local maxima
X y z
1 29,824 1 Right thalamus, pulvinar 45.8 14 -26 6
2 Left thalamus, pulvinar 38.0 —-14 —-28 4
3 Right thalamus, mediodorsal nucleus 15.9 2 -8 10
4 Right caudate, body 129 14 10 18
5 Right anterior cingulate cortex, BA 24 9.5 4 8 28
2 7,768 6 Left lentiform nucleus, putamen 18.0 —24 4 2
7 Left claustrum 14.0 -34 4 2
8 Left caudate, head 11.6 -12 18 -4
3 4,960 9 Right insula, BA 13 135 42 -16 10
10 Right lentiform nucleus, putamen 12.1 30 6 0
4 4,792 11 Right precentral gyrus, BA 4 13.9 46 -12 40
12 Right postcentral gyrus, BA 3 134 42 -22 50
5 4,208 13 Left precentral gyrus, BA 4 121 —46 —-14 38
14 Left postcentral gyrus, BA 2 114 —54 —26 44
6 2,112 15 Left insula, BA 13 12.5 —44 -14 6
16 Left superior temporal gyrus, BA 22 10.8 —54 -14 -8
7 2,040 17 Left posterior cingulate cortex, BA 23 12.8 0 -34 26
8 1,128 - Right middle frontal gyrus, BA 9 12.5 48 18 30

Convergent findings of localised grey matter atrophy in multiple sclerosis were demonstrated as clusters. Each cluster contained one or more local ALE maxima
in distinct anatomical regions, which were used to define regions-of-interest in functional meta-analytic connectivity modelling. The right middle frontal gyrus

demonstrated focal atrophy but did not reach the specified level of significance with cluster-level thresholding.

BA, Brodmann area, MNI, Montreal Neurological Institute.

however, after an exhaustive search of online databases, an
additional 37 publications were coded into BrainMap. A
search of referenced publications did not yield additional
sources of data. Twelve experiments were removed with

ALE Atrophy Map
SWB fMACM Map

y=-17

M Overlap

screening procedures for duplication. Application of eligi-
bility criteria excluded 80 experiments in total. All included
studies were prospective, and MRI acquisition was evenly
distributed on 1.5 and 3 T MRI machines. There were on

Figure 3 Seed-to-whole-brain (SWB) functional meta-analytic connectivity modelling (fMACM) map. (a) Composite SWB co-activation. The
SWB fMACM map was created by binarising and spatially adding SWB results of all atrophy seeds. The number of connections to each seed
region ranged from 2 to 8. (b) Restriction of SWB co-activation. Whole-brain co-activations were localised to regions of GM atrophy in MS.

Results were overlaid on the Colin27 brain template in Montreal Neurological Institute coordinate space.
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average 33 patients per group (range=6—249) with a fe-
male predominance and an average age range of 23—54
years. The included papers were published between the
years of 2006 and 2017 (mean=2011).

ALE results

A localised GM atrophy pattern was found to involve
both subcortical and cortical structures in MS (Fig 2;
Table 1). These regional effects were demonstrated by seven
ALE clusters, with each containing at least one ALE
maximum. ALE maxima (in x—y—z coordinates) were found
in the bilateral thalamic pulvinar, right thalamic medial
dorsal nucleus, right caudate body, left caudate head, right
anterior cingulate cortex, left posterior cingulate cortex, left
claustrum, bilateral insula, bilateral putamen, bilateral
precentral gyrus, bilateral postcentral gyrus, and left supe-
rior temporal gyrus. These ALE maxima demonstrated peak
convergence of coordinate-based data and were utilised to
define the atrophy seeds. Additionally, a cluster was found
in the right middle frontal gyrus, which fell just short of the
significance threshold. Results were family-wise error cor-
rected for multiple comparisons with a cluster-level infer-
ence of 0.05 (cluster-forming threshold, p<0.001; number
of permutations=1,000), which are the recommended ALE
settings.>*>°

fMACM results

Significant cortico-cortical and subcortico-cortical co-
activation patterns involving atrophy seeds were identified.
Seed-to-whole-brain fMACM results demonstrated co-
activations in regions that were consistently atrophied
(cluster-forming threshold=0.05, p<0.001; number of
permutations=1,000); at least two co-activations involve
each region of GM atrophy (Fig 3a). Conversely, GM regions
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without atrophy did not demonstrate significant co-
activation with the atrophy seeds (Fig 3b). Region-to-
region fMACM testing quantified the co-activations as a
connectivity matrix (—2.07<z<8.21; Fig 4a). The inter-
regional co-activation results were Bonferroni-corrected
(p<0.001, z>2.97) for 34 co-activations (Table 2).>° The
most significant co-activations (z>5.00) were identified as
follows: left precentral gyrus and right precentral gyrus,
right putamen and left putamen, left precentral gyrus and
left putamen, left claustrum and left putamen, as well as
right putamen and left claustrum. Significant co-activations
with 4.00<z<5.00 were demonstrated between homotopic
anatomical structures in the insula and thalamic pulvinar.
Additionally, several co-activations were noted with
3.00<z<4.00: right medial dorsal nucleus and left putamen,

Table 2
Region-to-region functional meta-analytic connectivity modelling (fMACM)
co-activations.

Seed Meta-analytic co-activation (z) Node
L Pre 8.43 R Pre
R Put 713 L Put
L Pre 6.57 L Put
L Claus 6.01 L Put
R Put 5.17 L Claus
R Ins 4.44 L Ins
R Pulv 419 L Pulv
R MDN 3.80 L Put
L Pre 3.67 R Put
R Pre 3.59 L Put
L Post 3.22 L Pulv
R MDN 3.20 R Pulv
L Post 3.18 R Post
R Post 2.97 R Pre

Significant co-activations involved localised regions of grey matter atrophy
in multiple sclerosis (p<0.001, z>2.97, corrected for multiple comparisons).
Network seed and node abbreviations: right, R; left; L; precentral gyrus, Pre;
postcentral gyrus, Post; insula, Ins; claustrum, Claus; thalamic pulvinar, Pulv:
thalamic medial dorsal nucleus, MDN; putamen, Put.

R Post
o2 "4 | A LPost‘
O
R Pre — L Pre
X ’ B z>5.00
Rins @ %N
ns @R Pulv . @- L Pulv/
OLins 2.97<z<5.00
R Put LPut L Claus
(b)

Figure 4 Region-to-region fMACM co-activations. (a) fMACM connectivity matrix. Inter-regional co-activations were present in GM affected by
atrophy in MS. The most significant co-activations are highlighted (z>5.00). (b) fMACM node-and-edge model. Functional connectivity between
regions of atrophy were demonstrated (p<0.001, z>2.97, corrected for multiple comparisons). The most significant results indicate involvement
of the corticostriatal network (z>5.00). These paths can be tested as predictors of disease-related changes in resting-state fMRI, which are
intended to guide future diagnostic algorithm development. Network seed and node abbreviations: right, R; left; L; precentral gyrus, Pre;
postcentral gyrus, Post; insula, Ins; claustrum, Claus; thalamic pulvinar, Pulv; thalamic medial dorsal nucleus, MDN; putamen, Put; superior
temporal gyrus, STG; head of caudate, CaudH; body of caudate, CaudB; posterior cingulate cortex, PCing; anterior cingulate cortex, ACing.
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left precentral gyrus and right putamen, right precentral
gyrus and left putamen, left postcentral gyrus and left
pulvinar, right medial dorsal nucleus and right pulvinar, as
well as left postcentral gyrus and right postcentral gyrus.
Co-activation remained significant but relatively weaker
between the right postcentral gyrus and right precentral
gyrus. Region-to-region fMACM results were visualised as a
node-and-edge model in BrainNet Viewer (Fig 4b).>°

Discussion

In this two-stage meta-analysis in MS, both hypotheses
were confirmed. First, this study demonstrated that GM
atrophy was regionally selective; and second, that these
brain regions were connected functionally. The present
findings suggest that neurodegeneration in MS does not
occur randomly. Moreover, the functional organisation of
these regions may provide an explanation for localised GM
atrophy in MS. By using CBMA, a data-driven functional
network model was created. This laboratory non-specific
analytic prior is intended to guide future targeted quanti-
tative analysis of primary datasets in MS.

Convergent pattern of regionally selective GM atrophy

A pattern of localised GM atrophy was identified corti-
cally and subcortically, predominantly involving the thal-
amus, basal ganglia, sensorimotor cortex, and cingulate
gyrus. This ALE pattern of atrophy is highly similar to that
reported in other recent studies; that is, the effects
converge with prior studies describing regional selectivity
of GM atrophy.®’ Although the pathophysiology of localised
GM atrophy in MS is unclear, several causes have been
suggested, including: cerebrospinal fluid (CSF)-mediated
inflammation of GM; axonal transection leading to trans-
synaptic degeneration; cytotoxic tissue damage secondary
to lymphoid tissue formation; neuronal mitochondrial
dysfunction; and antigenic variability in neuronal sub-
populations.*>*’ 39 Although these theories are plausible,
they do not fully account for the specific pattern of localised
GM atrophy. Therefore, this study focused on testing the
NDH, which addresses regional GM atrophy at the whole-
brain level.

Functional connectivity involving regions of GM atrophy

Using disease-specific nodes (from the ALE analysis),
functionally covariant GM regions were observed in healthy
controls using fMACM. This suggests that these regions are
members of a functional network that is selectively
attacked by MS. Although the fMACM model does not
indicate functional abnormality in MS, the results do
describe the healthy functional organisation of these
nodes.”®*° This model-based hypothesis could be tested
with the expectation that the model fit would be degraded
in MS.242°

To validate the fMACM model, a seed-to-whole-brain
analysis was performed, followed by a region-to-region
analysis. The seed-to-whole-brain approach ensured that
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the fMACM results were not biased by restriction to pre-
defined nodes. The region-to-region analysis quantified
connectivity strength per path. The present findings indi-
cate a pattern of co-activation involving GM regions that
were consistently affected by atrophy. Further, GM not
affected by atrophy did not display significant co-activation
with the atrophy seeds; that is, co-activations were
restricted to regions of atrophy. Thus, the fMACM model
supports the notion that localised GM atrophy in MS is
network-based.

The NDH emerged from observations in neurodegener-
ative disorders causing cognitive and motor performance
degradation. Distinct, non-random, disease-specific atrophy
patterns were observed in Alzheimer’s disease, fronto-
temporal dementia, and Parkinson’s disease; in each
instance, the affected brain regions appeared to be func-
tionally connected, i.e., form functional networks.'”*! These
observations have been interpreted to mean that GM atro-
phy in degenerative disorders is network-based. In MS, the
concept of “hubs” (i.e. nodes that are more connected to
other nodes) has been suggested as an explanation of the
non-random atrophy pattern, a possible extension of the
NDH.'® The implication is that GM atrophy initially affects
hub regions and subsequently involves functionally con-
nected non-hub brain regions; however, validation of this
temporal sequence would necessitate longitudinal evalua-
tions. Additionally, it has been suggested that WM pathol-
ogy may drive the initial atrophy at the local level in hub
regions, which then has “second-order effects” resulting in
atrophy of functionally connected brain areas.® The present
results are in line with this concept, wherein the second-
order effects are facilitated by network connectivity be-
tween regions of localised GM atrophy; however, the initial
involvement of WM pathology is unlikely to fully capture
the pathophysiology of MS given the limited correlation of
WM lesions with clinical progression.” '° All in all, the NDH
seems to be a reasonable consideration for explaining the
pathophysiology of non-random GM atrophy in MS.

Structurally-based functional network involvement

Current literature indicates impaired signal transmission
in cortico-subcortical functional networks in MS, which has
been linked to physical disability and cognitive dysfunc-
tion.'>*? Specifically, it has been reported that the cortico-
striatal network may be affected, which is compatible with
the motor, cognitive, and affective symptom profile in
MS."*3~% The present fMACM results support these previ-
ous observations given the highly significant functional
connectivity of the putamen with the primary motor cortex
and thalamus. Neuro-anatomically, the cortico-striatal-
thalamo-cortical circuitry involves projections from multi-
ple cortical regions to the basal ganglia; the stria-
tum—composed of the caudate, putamen, and nucleus
accumbens—serves as the primary input structure.?’
Efferent signals are then relayed to specific cortical re-
gions.*® A commonly accepted functional model of the basal
ganglia involves topographically organised and functionally
segregated circuitry, with the final segment terminating in
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motor, cognitive, and limbic cortical regions.”>*°~4% Addi-
tionally, functional parcellation of the striatum has
demonstrated distinct functional connectivity profiles for
each striatal sub-region.**> Further, CBMA and neurophysi-
ological studies have characterised the striatal functional
distribution as exhibiting a ventro-dorsal gradient with
cognitive—motor topology’>*’; however, it has been sug-
gested that there is complex integration of information
across functional subdivisions of the basal ganglia prior to
information output back to the frontal cortex.*%%9°0
Therefore, although the fMACM results suggest that the
motor component of the corticostriatal network is involved
in MS, cognitive and limbic processes may also play a role in
refining motor function prior to the execution of goal-
directed behaviors.*®*’

The motor component of the corticostriatal network has
been reported to receive projections from several cortical
areas including the primary motor, supplementary motor,
premotor, and somatosensory cortices.*®*? In resting-state
fMRI of MS, increased functional connectivity of the pre-
motor area and dorsal caudal putamen appears to be
associated with motor decline as demonstrated by positive
correlation with the Expanded Disability Status Scale.*?
Additionally, there is evidence to suggest that the cortico-
striatal network is affected in postural adaptation as well as
acquisition and retention of motor skills in MS.>! These
prior findings are supported neuro-anatomically in that
brain regions receiving subcortical output includes the
supplementary motor area, which is important in pro-
gramming and control of movement.*® Taken together with
these observations, the present results suggest that motor
integration may be affected in MS due to involvement of the
corticostriatal network.

Clinical implications

Although conventional MRI methods provide valuable
clinical information in vivo, more advanced techniques are
necessary to improve standard-of-care imaging in MS and
solidify our understanding of the neurodegenerative path-
ophysiology. Currently, clinical imaging relies on lesion
detection using T1-and T2-weighted techniques; however,
due to the recent reports of GM atrophy in MS, it is evident
that there is a need for more sensitive imaging methods to
characterise neurodegenerative changes.”” Given that GM
atrophy is not readily apparent on visual assessment,
quantitative neuroimaging analysis offers improved evalu-
ation of GM pathology. For analysis of T1-weighted MRI,
VBM can identify subtle focal GM atrophy, but this tech-
nique is limited in that only group-level comparisons are
achievable.!" On the other hand, analysis of fMRI has the
potential to enrich the imaging-based armamentarium in
the clinical setting via individualised evaluation. To this end,
functional connectivity measures can be examined using
fMRI time series data to provide per-subject level infor-
mation.'” Additionally, it has been shown that fMRI is a
more sensitive method in detecting abnormalities when
compared with structural imaging, which may help di-
agnose MS earlier in the course of disease or pre-
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clinically.">'*4! Nevertheless, to avoid laboratory-specific
bias, the development of a functional imaging tool would
benefit from a meta-analytic model-based approach prior
to analysis of primary functional imaging data.

In this study, ALE and fMACM were used sequentially to
characterise consistent findings from existing primary
studies, the results of which can be applied step-wise in
primary fMRI data.’’ This modelled approach provides a
selection of quantitative imaging measures that could be
incorporated into diagnostic algorithms to enhance clinical
evaluation of MS patients. Specifically, the most significant
functional co-activations from fMACM can be tested as
predictors of disease-related change in resting-state fIMIRI.
fMACM has been validated in resting-state fMRI data and
can be applied directly in imaging results of MS patients and
healthy controls.”*2® Using this technique, a functional
connectivity model with improved generalisability was
constructed, which capitalises on an extensive compilation
of published neuroimaging literature and addresses the
limited sample sizes of individual primary studies.’' In
contrast to task-based fMR]I, utilisation of resting-state fIMIRI
is well-suited for the clinical setting and has the benefit of
evaluating network-based changes without the complexity
of task-performance testing or the confounding effects of
task-performance variation.”® Further, it has been shown
that brain activity during activation and rest are corre-
spondent, as demonstrated by a study comparing results of
independent component analysis using BrainMap task-
based fMRI data and primary resting-state fMRI data.*’
Therefore, the co-activation pattern determined by
fMACM can guide subsequent analysis of resting-state fMRI
data to characterise functional connectivity changes in MS.

Limitations

Several limitations were associated with included publi-
cations of the meta-analysis. First, there is currently no
consensus on the best approach for connectivity analysis
(e.g., seed-based versus independent components analysis),
and some have proposed a hybrid approach in defining
seeds.”* Similarly, ALE, a non-model restricted approach, was
used to identify the seeds used in the subsequent fMACM
analysis, which may improve robustness of the seed-based
connectivity analysis. Second, network laterality may be
dependent on characteristics of the meta-data, which is more
robust than a single study but may not detect all brain net-
works. Although it is uncertain whether hemispheric acti-
vation bias exists in resting-state data, independent
component analysis of the BrainMap literature does not
demonstrate such asymmetry.“*’ Third, nodal proximity may
also affect connectivity analysis. The co-activations of closely
located ROIs could be a result of synchronous signal fluctu-
ation or artefact of the ALE smoothing algorithm that con-
siders the two ROIs as similar in anatomical location.*’
Fourth, there was variation in the analytic methods
employed in the meta-data. Although GM volumes may vary
between different analytic methods, group-level compari-
sons between MS and healthy controls have demonstrated
comparable results.”® Fifth, data acquisition was not
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harmonised given the meta-analytic nature of the study, the
differences of which may affect the results of brain tissue
classification; however, results from multicentre studies have
shown negligible differences relative to neurodegenerative
disease when there is on-site imaging acquisition of both
experimental and control groups.”®”’ Lastly, CBMA is an ef-
fect location meta-analysis, which is more robust to inter-
laboratory methodological variation than effect size meta-
analyses or pooling of primary data.

Future directions

The results of this study encourage future work in
networked-based imaging biomarker development. It has
been suggested that structural and functional covariance
patterns may be closely related.”® The correspondence be-
tween structure and function has been described by
network-based trophic influences that may shape structural
modification of the brain.'””® More recently, a longitudinal
study in MS reported that structurally and functionally
related brain regions may demonstrate accelerated tissue
loss in patients who progress in clinical disability.?
Furthermore, it has been shown that structural covariance
of localised regions of the brain could be detected prior to
overt atrophy.”® Given the limitations in identifying GM
atrophy patterns at a per-subject level, particularly in early
disease, structural covariance may serve as an alternative
imaging-based measure of regionally selective neuro-
degeneration in MS."*®° Other considerations may be to
refine the meta-analytic models by applying connectivity-
based parcellation and behavioural filtering to BrainMap
data; this would improve targeted functional connectivity
testing in primary data via identification of pertinent clin-
ical features.”>°! Altogether, further work using network-
based approaches may offer additional insights into the
pathophysiology of localised GM atrophy in MS and
improve clinical management.

In conclusion, GM atrophy in MS affected localised brain
regions that were functionally connected. This study iden-
tified consistent, regionally selective neurodegenerative
changes and characterised the inter-regional co-activations
meta-analytically. The functional network model serves as a
framework for future quantitative analysis of per-subject
resting-state fMRI data. Such individualised imaging met-
rics should inform future diagnostic and prognostic imaging
marker development strategies.
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