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Integrative biochemical, proteomics and
metabolomics cerebrospinal fluid biomarkers
predict clinical conversion to multiple sclerosis

®Fay Pr‘obert,"2 Tianrong Yeo,"3 ®Yifan Zhou,I Megan Sealey,I Siddharth Arora,4
Jacqueline Palace,’ Timothy D.W. Claridge,2 Rainer HiIIenbrand,6 ®Johanna 0echtering,7
David Leppert,” (®)Jens Kuhle’ and Daniel C. Anthony'

Eighty-five percent of multiple sclerosis cases begin with a discrete attack termed clinically isolated syndrome, but 37% of clinically
isolated syndrome patients do not experience a relapse within 20 years of onset. Thus, the identification of biomarkers able to dif-
ferentiate between individuals who are most likely to have a second clinical attack from those who remain in the clinically isolated
syndrome stage is essential to apply a personalized medicine approach. We sought to identify biomarkers from biochemical, meta-
bolic and proteomic screens that predict clinically defined conversion from clinically isolated syndrome to multiple sclerosis and
generate a multi-omics-based algorithm with higher prognostic accuracy than any currently available test. An integrative multi-vari-
ate approach was applied to the analysis of cerebrospinal fluid samples taken from 54 individuals at the point of clinically isolated
syndrome with 2-10years of subsequent follow-up enabling stratification into clinical converters and non-converters. Leukocyte
counts were significantly elevated at onset in the clinical converters and predict the occurrence of a second attack with 70% accur-
acy. Myo-inositol levels were significantly increased in clinical converters while glucose levels were decreased, predicting transition
to multiple sclerosis with accuracies of 72% and 63 %, respectively. Proteomics analysis identified 89 novel gene products related
to conversion. The identified biochemical and protein biomarkers were combined to produce an algorithm with predictive accuracy
of 83% for the transition to clinically defined multiple sclerosis, outperforming any individual biomarker in isolation including oli-
goclonal bands. The identified protein biomarkers are consistent with an exaggerated immune response, perturbed energy metabol-
ism and multiple sclerosis pathology in the clinical converter group. The new biomarkers presented provide novel insight into the
molecular pathways promoting disease while the multi-omics algorithm provides a means to more accurately predict whether an in-
dividual is likely to convert to clinically defined multiple sclerosis.

Department of Pharmacology, University of Oxford, Oxford OX1 3QT, UK

Department of Chemistry, University of Oxford, Oxford OX1 3TA, UK

Department of Neurology, National Neuroscience Institute, Singapore 308437, Singapore

Mathematical Institute, University of Oxford, Oxford OX2 6GG, UK

Nuffield Department of Clinical Neurosciences, John Radcliffe Hospital, University of Oxford, Oxford OX3 9DU, UK

Novartis Pharma AG, Basel CH-4056, Switzerland

Neurology, Departments of Medicine, Clinical Research and Biomedicine, University Hospital Basel, University of Basel, Basel CH-
4031, Switzerland

NN Lk W

Correspondence to: Jens Kuhle MD PhD

Neurology, Departments of Medicine, Clinical Research and Biomedicine, University Hospital Basel,
University of Basel, Basel CH-4031, Switzerland

E-mail: Jens.Kuhle@usb.ch

Received November 19, 2020. Revised March 18, 2021. Accepted March 19, 2021. Advance Access publication April 19, 2021

© The Author(s) (2021). Published by Oxford University Press on behalf of the Guarantors of Brain.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http:/creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse,
distribution, and reproduction in any medium, provided the original work is properly cited.


https://orcid.org/0000-0002-8580-2023
https://orcid.org/0000-0002-3538-621X
https://orcid.org/0000-0001-5359-7961
https://orcid.org/0000-0002-3713-9570

2 | BRAIN COMMUNICATIONS 2021: Page 2 of |7

F. Probert et al.

Correspondence may also be addressed to: Daniel C. Anthony MA PhD
Department of Pharmacology, University of Oxford, Oxford OX1 3QT, UK

E-mail: Daniel.anthony@pharm.ox.ac.uk

multiple sclerosis; clinically isolated syndrome; biomarker; prediction; prognosis

AUC = area under the curve; CIS = clinically isolated syndrome; EDSS = expanded disability scale status; IQR =
interquartile range; MS = multiple sclerosis; NK = natural killer; NMR = nuclear magnetic resonance; OCGB = oligoclonal bands;

OPLS-DA = orthogonal partial least squares discriminant analysis; PIRA = disability progression independent of relapse activity;

PMN = polymorphonuclear; Q,j;, = CSF/serum albumin ratio; ROC = receiver operator curves; RR = relapsing remitting; VIP =

variable importance projection score
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Introduction

Clinically isolated syndrome (CIS) is the first manifest-
ation of multiple sclerosis (MS) in 85% of patients.!
However, not all patients with a CIS attack go on to a
confirmed MS diagnosis. Indeed, 37% of CIS patients do
not fulfil McDonald 2010 diagnostic criteria 20 years
after onset” while only 63% transition to clinically
defined MS, which is, in practice, the occurrence of a se-
cond clinical attack.®> Early treatment is essential to min-
imize the of further attacks and the
accumulation of permanent disability.* Thus, differenti-
ation of individuals who are most likely to have a second
clinical attack from those who remain in the CIS stage is
essential to achieve the desired personalized medicine
approach.

Currently, MS diagnosis relies upon exclusion of other
possible diagnoses followed the interpretation of a com-
bination of detailed clinical evaluation, magnetic reson-
ance imaging (MRI), and CSF analysis according to the
latest McDonald Diagnostic criteria.'® The revisions
introduced in the 2017 McDonald criteria [namely the in-
clusion of CSF oligoclonal IgG bands (OCGB) as a surro-
gate maker for dissemination in time] have resulted in
more patients being diagnosed with MS at the point of

occurrence

CIS, this is at the expense of reduced specificity of only
61%-63% compared to 85%'"'* using the previous
2010 criteria. Hence, these revisions undoubtedly benefit
patients by ensuring that MS is treated in timely manner.
However, the McDonald criteria are not meant to predict
the course for disability worsening or time to second
relapse.

Recognised risk factors of clinically defined conversion
from CIS to MS have been identified including younger
age of disease onset, male gender,'®'* the number of T,
weighted MRI lesions,'’ the presence of OCGB,'® intra-
thecal IgM synthesis'”'® and neurofilament light
chain."” However, these measures are validated only at
the group level, and there is no biofluid or imaging
marker to address this unmet need for individual use.
For example, 21% of CIS patients with normal MRI
scans at baseline still transition to clinically defined MS
and, while OCGB are extremely sensitive for the diagno-
sis of MS, 50% of CIS patients who test positive for
OCGB at baseline do not have a second clinical attack
within 50-60 months.'®!?2°

To identify novel predictive biomarkers for the transi-
tion to MS we collected baseline CSF samples from
54 patients with CIS with 2-10years of follow-up to
determine clinical conversion. This study represents
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the first comprehensive multi-omics investigation of CIS
to include simultaneously clinical chemistry, metabolo-
mics and proteomics analysis of baseline CSF samples
coupled with follow-up and to
investigate the power of such biomarkers at predicting
clinically defined conversion in an individualized man-
ner. Here we report the capacity of novel biochemical
and protein markers to predict the transition from CIS
to clinically defined MS. The future use of simple
multivariant biomarker algorithms in the clinical care
pathway has the evident potential to facilitate the per-
sonalization and optimization of therapy for individuals
with CIS.

extensive clinical

Materials and methods

CSF samples were collected in the Department of
Neurology of the University Hospital Basel, during rou-
tine diagnostic measures, as indicated by the treating
physicians. Inclusion criteria were as follows: (i) the pres-
ence of a monophasic clinical episode suggestive of MS
(CIS), not attributable to other diseases (for example, in-
fectious, neoplastic, congenital, metabolic or vascular dis-
ease)®!; (ii) clinical follow-up of at least two years; (iii)
available basic demographic and clinical data (age, gen-
der, dates of CIS onset, serum sampling, CSF examin-
ation, MRI, clinically defined conversion to MS (if
present) and last follow-up visit); and (iv) CSF informa-
tion at time of CIS. Patients with neuromyelitis optica, or
a history of a progressive disease course from onset were
excluded. Exclusion criteria included (i) active systemic
infection and (ii) steroid treatment at the time of CSF
sampling. Conversion to MS was diagnosed according to
Poser criteria. This implied the exclusion of alternative
diagnoses and the presence of a second clinically evident
demyelinating attack which had to be separated in time
and space from the first episode (i.e. occurring after an
interval of at least one month and in a separate CNS lo-
cation).?? In total, 85 individuals were recruited at CIS
onset and examined for eligibility in the study. Of these,
three were confirmed to have active infections and two
were receiving steroid treatment at the point of CSF sam-
pling while 26 had insufficient follow-up to determine
clinical converter status and were excluded from the
study. A flow chart of sample recruitment and exclusions
can be found in Supplementary Fig. 1. There were no
missing data for any of the 54 participants included in
the analysis. CIS patients were recruited based on the
criteria above to avoid bias and no significant differ-
ence in age, gender or onset expanded disability scale
status (EDSS) was observed between the converter and
non-converter groups.
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Written informed consent was obtained from all patients
according to the Declaration of Helsinki. Ethical approval
was obtained by the local ethics committee.

Prior to analysis, a power calculation (PPCA model using
the R package MetSizeR) was carried out. This confirmed
that a sample size of 40 (20 non-converters and 20 con-
verters) would be sufficient to achieve an FDR cut-off of
0.05 assuming the significance of 10% of variables.
These assumptions are in line with our previous omics
analysis of MS patient cohorts and indicated that »=22
in the converter group would be sufficient.

CSF samples were centrifuged at 400g for 10min at
room temperature, and the cell-free supernatant stored at
—80°C within 2h of collection.”® Samples were processed
as per standard laboratory procedures for leukocytes
(cellsymm?®), and total protein concentration (mg/dl).
Serum samples were collected at the same visit to calcu-
late the CSF/serum albumin ratio (Q.). The integrity of
the blood-CSF barrier was determined by calculating the
CSF/serum ratio for albumin (Qup).>* Intrathecal synthe-
sis of IgG was determined by detection of oligoclonal
IgG bands (OCGB) by isoelectric focussing on agarose
gel and subsequent immunoblotting using IgG-specific
antibody staining.”> Testing of OCGB was considered
positive if pattern two or three (local synthesis of IgG
within the CNS) were present.”® These parameters are
henceforth referred to as clinical chemistry parameters.

On the day of metabolomics analysis, CSF samples were
thawed at room temperature and 100 ul was then diluted
with 450 ul of 75 mM sodium phosphate buffer prepared
in DO (pH 7.4) containing 1 mM maleic acid as an in-
ternal reference standard. Samples were briefly centrifuged
at 3000 x g for Smin before transferring to a 5-mm
NMR tube.

All nuclear magnetic resonance (NMR) spectra were
acquired at 310K using a 700-MHz Bruker AVIII spec-
trometer operating at 16.4T equipped with a 'H
['*C/"*N] TCI cryoprobe (Department of Chemistry,
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University of Oxford). The noesygpprld (Bruker,
Germany) pulse sequence was used to acquire 'H NMR
spectra with a 2s presaturation, 32 data collections, a
spectral width of 16ppm, and an acquisition time of
1.46s. All spectra were preprocessed in Topspin 2.1
(Bruker, Germany); zero filled by a factor of 2 and multi-
plied by a 1D exponential corresponding to a 0.3 Hz line
broadening. All spectra were baseline corrected with a
fifth-degree polynomial and referenced to the lactate
doublet at 1.33ppm. Following visual inspection for
errors in baseline correction, referencing, spectral distor-
tion or contamination, the processed spectra were
exported to ACD/Labs Spectrus Processor Academic
Edition 12.01 (Advanced Chemistry Development, Inc.,
Toronto, Canada), whereby regions of the spectra be-
tween 0.83 and 8.47 were split into 0.02-ppm-wide bins.
The residual water resonance region (4.13-5.22 ppm) was
removed from the analysis. The integral of each spectral
bin was calculated and exported as a .csv file for statis-
tical analysis. Metabolite assignment was performed by
referencing  to values,””*®  the
Metabolome Database?” and via 2D correlation spectros-
copy (COSY) experiments. A list of all NMR-detectable
CSF metabolites has been previously reported.’® While,
all metabolite resonances were included in our analysis
the 30 most abundant metabolites detectable in the NMR
spectra included (in alphabetical order) 3-hydroxybuty-
rate, acetate, acetoacetate, alanine, arginine, aspartate, cit-
rate, creatine, creatinine, formate, glucose, glutamate,
glutamine, glycerol, histidine, isoleucine, lactate, leucine,
lysine, methyl isobutyrate, myo-inositol, N-acetyl-aspar-
tate, phenylalanine, proline, scyllo-inositol, taurine, threo-
nine, trimethyl-amine, tyrosine and valine.

literature Human

NMR metabolite measures, in relative units, were converted
to absolute concentrations in SI units using an internal ref-
erence standard (1 mM maleic acid). In order to validate
the quantification of the metabolites by NMR, the glucose
and lactate levels in all CSF samples were measured using
a Cobas® 8000 modular analyzer (Roche Diagnostics,
Switzerland) and the Gluc3 and LAC2 assays, respectively.
There was a significant correlation between the NMR-
determined concentration and the laboratory chemistry
determined concentration for both glucose (Pearson’s
R=0.91, P-value < 0.001) and lactate (Pearson’s R =0.90,
P-value < 0.001) (Supplementary Fig. 4A and B) and
Bland-Altman plots revealed excellent agreement between
the two methods (Supplementary Fig. 4C and D).

Protein biomarker profiling in CSF samples was per-
formed using the SomaScan® platform from SomalLogic
Somalogic Inc, Boulder, Co).
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SomaScan® is multiplexed proteomic tool that measures
more than 5000 protein analytes including 4783
SOMAmers (slow off-rate modified aptamers) that recog-
nize 4137 distinct human gene targets. The SOMAmers
are constructed with chemically modified nucleotides that
expand the physicochemical diversity of the large
randomized nucleic acid libraries from which the
SOMAmer reagents are selected. The SomaScan® assay
measures native proteins in complex matrices by trans-
forming each individual protein concentration into a cor-
responding SOMAmer reagent concentration, which is
then quantified in customized DNA microarrays. The
assay takes advantage of SOMAmer reagents’ dual nature
as both protein affinity-binding reagents with defined
three-dimensional ~structures, and unique nucleotide
sequences recognizable by specific DNA hybridization
probes.*'*?

The CSF samples were stored at —80°C and shipped to
SomaLogic (Boulder, CO) on dry ice for SomaScan®
analysis.

Multivariate orthogonal partial least squares discriminant
analysis (OPLS-DA) was performed in R software (R
foundation for statistical computing, Vienna, Austria)®?
using in-house R scripts and the ropls package.”® OPLS-
DA is a dimension reduction technique that can extract
correlated patterns from complex data sets. This method
is ideally suited for large ‘omics datasets (as used in other
similar aforementioned studies), such as those studied
here, because it helps reduce the dimension of such data-
sets by extracting a subset of most salient biomarkers
(described as a linear equation) that can subsequently be
used to predict the class of interest—in this instance clin-
ical converters and non-converters. OPLS-DA models
were validated using an external 10-fold cross-validation
strategy with repetition coupled with permutation testing
as previously described.>* We have previously published
an in-depth description of this analysis approach® and
further detail can be found in the Supplementary mater-
ial. In brief, the data are corrected for unequal class sizes
before being randomly split into a training set (90%) and
an independent test set (10%). The training set is used to
build the OPLS-DA model the R* and Q? values are then
used to assess the model performance (the goodness of fit
and prediction, respectively) on the training data. The
model generated is then applied to the test set (to which
the OPLS-DA model is blinded) to determine the predict-
ive accuracy, sensitivity, and specificity of the model (on
previously, unseen data). This process of model training
and testing is repeated for a total of 1000 times, thereby
creating an ensemble of models. It has been shown that
in cases where the sample sizes are small, one can
achieve a prediction accuracy of up to 70% or higher by
chance alone in differentiating two-classes.’® Thus, to
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further validate our prediction accuracy, we compare our
ensemble of models to an ensemble of randomly per-
muted models (generated by randomly permuting the
class identities). For a 2-class classification problem, the
expected accuracy of a randomly permuted model is
50%. If the model ensemble significantly outperforms the
randomly permuted models (as quantified using a two-
sided Kolmogorov—Smirnov test, significant if P-value
0.05 or less), then the discriminatory variables responsible
for the observed class separation are extracted by inspec-
tion of the average variable importance (VIP) scores. The
VIP score of a given variable represents the mean de-
crease in accuracy which occurs when that variable is
removed from the model. Thus, a variable which is high-
ly significant and plays a large role in the diagnostic ac-
curacy of the model will result in a large decrease in
accuracy when removed from the model resulting a large
VIP score. Conversely, variables which do not play a role
in discriminating between groups have very little effect
on model accuracy when removed and have a low VIP
score.

Elastic Net feature selection was applied to the proteo-
mics data using the glmnet package®” prior to each iter-
ation of the OPLS-DA method to reduce the number of
predictor variables (by removing irrelevant or redundant
variables), which helps improve model inference and low-
ers computational time.*®3” Both the o and A for use in
each elastic net feature selection were determined using 7-
fold cross validation to optimize the mean squared error
on the training data alone.

In order to identify the combination of clinical chemis-
try, metabolomics and proteomics variables with the
highest predictive accuracy a combined multi-omics strat-
egy was applied to the selected discriminatory variables
(all variables from the clinical chemistry, proteomics, and
metabolomics data combined) by applying the OPLS-DA
cross-validation strategy (described above) to every com-
bination of one to six variables and performing a ROC
analysis on each model to assess the performance. The
linear combination of metabolites which resulted in the
highest performing model (determined by AUC, accuracy,
sensitivity and specificity) are then reported. There was
no significant increase in AUC or accuracy between five
and six variables and so linear combinations of variables
containing greater than 6 were not pursued.

All analysis was performed in R software (R foundation
for statistical computing, Vienna, Austria). Two-sample ¢-
tests were used for continuous variables while Chi-square
tests were used for categorical variables as appropriate. A
Bonferroni correction, to account for multiple compari-
sons, was applied throughout. Two-tailed P-values <
0.05 were considered statistically significant. Receiver op-
erator curves (ROC), area under the curve (AUC), 95%
confidence intervals, optimal thresholds for diagnosis and
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P-values (relative to a null distribution ROC curve with
AUC = 0.5) were calculated for each discriminatory vari-
able using the pROC package.”” The diagnostic odds
ratio for each biomarker identified is reported. Where
one group in the contingency was empty the Haldane-
Anscombe correction was used.*!

Pathway enrichment analysis was performed on the dis-
criminatory proteins identified by the multivariate ana-
lysis (described above) using Metascape [http://metascape.
org|.** Metascape is updated monthly and combines over
40 independent knowledgebases including GO, KEGG
and MSigDB for enrichment and gene membership ana-
lysis. All genes in the genome were used as the enrich-
ment background. Terms with a P-value < 0.01, a
minimum count of 3 and an enrichment factor (the ratio
of observed counts to the counts expected by chance)
>1.5 were collected and grouped into clusters based on
their membership similarities. Kappa scores*’
to define the extent of ‘similarity” when performing hier-
archical clustering on the enriched terms, and sub-trees
with a similarity of >0.3 are considered a cluster. The
most statistically significant term within any given cluster
was chosen to represent that cluster. Cytoscape was used
to visualize the results of the protein enrichment net-
work.** The DisGeNet discovery platform® (www.disge-
net.org last accessed 27/04/2021) and Enrichr*® (https://
maayanlab.cloud/Enrichr/ last accessed 27/04/21) was
used to perform enrichment analysis on the identified
proteins which were up/down regulated in the converter
cohort relative to the non-converter cohort in an effort to
identify disease specific pathways associations.

were used

Anonymized data and code will be shared by request
from any qualified investigator.

Results

A total of 54 patients with symptoms consistent with CIS
were included in this study. CSF samples were collected
within one year of CIS onset [mean time to sample col-
lection from onset 3.5 (1-11) months] and followed up
for up to 10years. Twenty-two patients converted to clin-
ically defined MS (hence forth referred to as ‘converters’)
while 32 patients had no signs of further relapses during
follow-up (hence forth referred to as ‘non-converters’).
The median time to sample collection in both the con-
verter and non-converter groups was 3 weeks and there
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was no significant difference in the means (P-value 0.82).
All converter CSF samples were collected before the se-
cond attack. Patient demographics and clinical chemistry
results for both converters and non-converters are
reported in Table 1. Length of follow-up was longer in
the non-converter group [mean, 6.5years; median,
7.1years; range, 2.0-9.7 years; interquartile range (IQR),
5.6-8.1years| relative to the converter group (mean,
4.6 years; median, 4.2years; range 1.6-8.7years; IQR,
3.1-5.3 years) to ensure that sufficient time elapsed for
relapses to occur. As the majority of CIS patients experi-
ence a second attack within two years of onset with the
median and mean time to second attack ranging from
11-14months and 8-11months, respectively,'®2047:48
patients were only included in the non-converter group if
a minimum of two years of follow-up was available.
Indeed, the average time to conversion in the converter
group was 1.7years (median, 0.9years; IQR, 0.4-
2.1years). Thus, the length of follow-up in the non-con-
verter group (median 7.1years) was significantly greater
than the time to conversion in the converter group (me-
dian 0.9 years), suggesting the length of follow up in the
non-converters is sufficient. There were no significant dif-
ferences in the gender distributions, age, or grade of dis-
ability as per EDSS score at onset between the converter
and non-converter groups.

While useful in the diagnosis of MS in the context of
the revised McDonald criteria, the presence/absence of
OCGB was not predictive of transition to clinically
defined MS. Although more of the converters tested posi-
tive for OCGB (100%) still the majority (69%) of the
non-converters also tested positive at onset (Fig. 1A). As
a result, OCGB are extremely sensitive (100%) for the
prediction of a second clinical attack, but specificity is
very low (31%) resulting in an AUC and accuracy of
only 0.66 and 59%, respectively. It should be noted that
the average length of follow-up in the OCGB+ve non-
converters (mean, 4.6 years; median, 4.2 years; range, 2—
10years; IQR, 3.1-5.3years) was, again, significantly
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greater than the median time to conversion (0.9 years) in
the converter group, indicating that the absence of a se-
cond attack in these OCGB+ve was not a result of fol-
low-up duration.

In addition to OCGB, several clinical chemistry parame-
ters were measured at CIS onset including leukocyte [fur-
ther divided into mononuclear and polymorphonuclear
(PMN) cell counts], total CSF protein levels and Q..
There was no significant difference in the Q. or total
CSF protein concentration between converters and non-
converters at onset. Twenty-nine patients (54%) had ‘nor-
mal’ (< 4 cell/mm?®) CSF leukocyte cell counts at baseline.
The highest leukocyte cell count was 28.7 cell/mm® and
13 (24%) patients (nine converters and four non-convert-
ers) exhibiting a cell count above 10 cell/mm® at onset.
The leukocyte cell count was increased (>4 cell/mm?®) in
a larger proportion of converter patients (72%) than
(41%) (Chi-Squared  P-value 0.02).
Interestingly, the mononuclear cell sub-population was
elevated in the converter group relative to non-converters,
while the PMN subset was not significantly altered
(Fig. 1B-E). Indeed, ROC analysis reveals that the CSF
leukocyte cell count and, particularly, the monocular cell
population outperform OCGB for the prediction of a se-
cond clinical attack with AUC values of 0.74 and 0.73,
respectively (Fig. 1G). Mononuclear cell counts were
strongly correlated with leukocyte levels (Pearson’s 7
0.96, P-value < 0.001 corrected for multiple compari-
sons) and weekly correlated with PMN although this cor-
relation did not reach significance following correction
for multiple comparisons (Pearson’s 7 0.35, P-value 0.12

non-converters

Table | Patient demographic and clinical data, at the point of CSF sampling, grouped by converter status.

Converter [n = 22]

Female, No. [%] 17 [77]
Age, mean [SD], years 31.3[9.9]
EDSS, median [range] 2.5 [04]
Time to conversion, mean [SD], years 1.7 [2.0]
Follow-up, median [IQR], years 4.2[3.1-5.3]

Immune modulating therapies None

OCGB positive, No. [%] 22 [100]
Leukocytes, mean [SD], cells/mm? 10.9 [9.1]
Mononuclear, mean [SD], cells/mm> 10.7 [8.8]
Polynuclear, mean [SD], cells/mm® 0.27 [0.65]
Total protein, mean [SD], mg/dl 3367.7 [96.0]
CSF/serum albumin ratio, mean [SD] 4.9 [2.0]

Non-converter [n = 32] P-value
21 [66] 0.36
36.4[11.2] 0.08
1.5 [0-4] 0.06
NA NA
7.1 [6.0-8.1] <0.001
None NA
22 [69] <0.001
4.9 [4.9] <0.001
4.7 [4.7] <0.001
0.21 [0.64] 0.73
374.7 [96.0] 0.83
5.2[1.6] 0.58

P-values from Student’s t-test for continuous variables and Chi-squared test for categorical variables are reported.
EDSS, expanded disability status scale; IQR, interquartile range; OCGB, oligoclonal bands; SD, standard deviation.
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Figure | Clinical chemistry results. (A) Confusion matrix illustrating the low sensitivity of OCGB status for the prediction of clinically

defined conversion to MS. Box plots of CSF clinical chemistry parameters (B) mononuclear cells, (C) leukocyte cells, (D) CSF/serum albumin
ratio (Q,) and (E) total protein measured in clinically defined converters and non-converters. Dashed lines represent the optimal threshold to
achieve the greatest accuracy as determined by ROC analysis. A significant increase in mononuclear and leukocytes cell counts was observed in

the converter group. (F) Heat map illustrating all correlations (Pearson’s R) between the CSF clinical chemistry measures and OCGB. (G)

Predictive performance of CSF clinical chemistry parameters compared to the performance of OCGB status. Biomarkers are listed from highest
to lowest AUC. Acc, Accuracy; AUC, area under the curve; Cl, confidence interval; NPV, negative predictive value; PPV, positive predictive value;
ROC, receiver operator curve; Sens, sensitivity; Spec, specificity. Clinically defined converter n =22, clinically defined non-converter n = 32.
Two-sample t-tests were used for continuous variables while Chi-square tests were used for categorical variables as appropriate. A Bonferroni

correction to account for multiple comparisons was applied throughout. Two-tailed P-values <0.05 were considered statistically significant.
P-values <0.001 following correction for multiple comparisons are represented by ***,

7
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corrected for multiple comparisons). As expected, a
strong correlation (Pearson’s » 0.94, P-value < 0.001 cor-
rected for multiple comparisons) between total protein
levels and Q,y, was observed (Fig. 1F).

To uncover further predictive biomarkers of conversion,
NMR metabolomics analysis was used to simultaneously
measure ~50 small molecule, soluble metabolite levels in
the baseline CSF samples. OPLS-DA revealed significant
differences in the CSF metabolome of converters com-
pared to non-converters (Fig. 2A), and external cross-val-
idation confirmed that the accuracy of the multivariate
metabolomics model (determined on independent test
data) significantly outperformed the randomly permuted
models (Supplementary Fig. 2). The metabolites driving
the separation observed in the
included lactate and glucose, which were elevated in the
converter CSF samples, and myo-inositol and creatine,
which were decreased in converter CSF samples relative
to non-converters (Fig. 2B-E). As the multivariate model,
dominated by glucose, lactate, creatine and myo-inositol,
was able to significantly predict conversion to CDMS
(two-sided Kolmogorov-Smirnov test P-value < 0.001)
we then investigated how each of these metabolites would
perform in isolation, to determine if measuring a single
biomarker could produce sufficient predictive accuracy
for use in a clinical setting. Both myo-inositol and glu-
cose CSF levels showed greater specificity for predicting
the occurrence of a second clinical attack resulting in
improved overall accuracy and AUC compared to OCGB
status alone (Fig. 2F). By contrast, lactate and creatine
did not perform better than OCGB status as predictors
of conversion when measured in isolation. In addition,
while lactate and creatine were important for discrimin-
ation in the multivariate model each of these metabolites
in isolation did not reach significance by univariate ana-
lysis following correction for multiple comparisons.

multivariate model

The SomaScan® platform was used to measure over 5000
CSF protein concentrations in both converters and non-
converters. Multi-variate analysis confirmed significant

F. Probert et al.

separation between the converter and non-converter pro-
teomes (Fig. 3A), which was validated by external cross-
validation and permutation testing (Kolmogorov—Smirnov
P-value < 0.001, Supplementary Fig. 3). The multi-vari-
ate analysis uncovered a panel of 89 proteins driving the
discrimination between converter and non-converter in
CIS CSF samples, 72 of which predict occurrence of a se-
cond attack with greater AUC (>0.66) than OCGB alone
(Supplementary Table 1). Of the 89 protein biomarkers
identified, 27 were elevated in converters at onset while
the remaining 62 were elevated in the non-converter CSF
samples relative to converters. Representative boxplots of
the 12 most significant biomarkers are shown in Fig. 3B-
I, while boxplots of the remaining discriminatory proteins
can be found in Supplementary Fig. 5. ROC analysis was
used to determine the optimum thresholds to produce the
greatest predictive accuracy for each discriminatory pro-
tein identified.

DNA repair protein XRCC1 was significantly decreased
in the converter CSF samples relative to non-converter
(Fig. 31) and was the highest performing biomarker over-
all; predicting conversion with an AUC, accuracy, sensi-
tivity and specificity of 0.84, 80%, 73% and 84%,
respectively. The top 20 most sensitive proteins are listed
in Supplementary Table 2 while the top 20 most specific
proteins are listed in Table 2. Both Tropomyosin o3-
chain (TPM3) and EF-hand calcium-binding domain-con-
taining protein 14 (EFCAB14) CSF levels were decreased
in the converter cohort (Fig. 3H and C, respectively) and
predicted conversion with 100% sensitivity (rivalling
OCGB). Of note, TPM3 predicted conversion with a spe-
cificity, accuracy and AUC of 63%, 78% and 0.78, re-
spectively, significantly outperforming OCGB. Eighty-
eight of the identified protein biomarkers predict conver-
sion with greater specificity than OCGB (top twenty illus-
trated in Table 2 full list Supplementary Table 1). In
particular, muscle-skeletal receptor tyrosine-protein kinase
(MUSK) levels were significantly decreased in converter
samples relative to those of non-converters (Fig. 3E), and
predicted conversion in this cohort with 100% specificity
suggesting that this protein could be used in combination
with OCGB to better predict the risk of a second clinical
attack in CIS patients.

As clinical chemistry, metabolomics and proteomics ana-
lysis of onset CSF samples revealed several predictive bio-
markers of conversion which perform well individually,
we next investigated whether a multivariate combination
of the identified biomarkers and/or combining with

OCGB provided improved predictive accuracy. Five
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Figure 2 Metabolomics results. (A) Representative OPLS-DA scores plot illustrating discrimination between clinically defined converters
(square) and non-converters (circle) CSF metabolite profiles. (B—E) Boxplots of the significant discriminatory metabolites identified by the
OPLS-DA analysis in clinically defined converters and non-converters. Dashed lines represent the optimal threshold to achieve the greatest
accuracy as determined by ROC analysis. For univariate analysis, two-sample t-tests were used for continuous variables while Chi-square tests
were used for categorical variables as appropriate. While for multivariate analysis a two-sided Kolmogorov—Smirnov test was used to determine
the significance of the OPLS-DA performance on independent test data relative to the null distribution. A Bonferroni correction to account for
multiple comparisons was applied throughout. Univariate P-values below 0.05, 0.01 and 0.001 are represented by *, ** and ***, respectively. (F)
Predictive performance of identified CSF metabolite biomarkers compared to the performance of OCGB status. Biomarkers are listed from
highest to lowest AUC. Acc, Accuracy; AUC, area under the curve; Cl, confidence interval; PPV, positive predictive value; ROC, receiver
operator curve; NPV, negative predictive value; Sens, Sensitivity; Spec, specificity. Clinically defined converter n =22, clinically defined non-
converter n=32.

variable multivariate models provided the greatest predict- protein S6 kinase alpha-5 (RPS6KAS), Dynein light chain
ive accuracy (83%) with an AUC of 0.94; the addition Tctex-type 1 (DYNLT1), CSF myo-inositol and mono-
of further variables provided no significant increase in ac- nuclear cell levels. While inclusion of mononuclear cell
curacy. The variables selected by the multivariate model counts gave the highest performance, replacing this meas-

with greatest accuracy included MUSK, Ribosomal ure with leukocyte cell counts resulted in a decrease in
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Figure 3 Proteomics and multi-omics results. (A) Representative OPLS-DA scores plot illustrating discrimination between clinically
defined converters (square) and non-converter (circle) using CSF proteomics measurements. (B-I) Representative boxplots of the highest
ranked significant discriminatory proteins identified by the OPLS-DA analysis in clinically defined converters and non-converters. Dashed lines

represent the optimal threshold to achieve the greatest accuracy as determined by ROC analysis. For univariate analysis, two-sample t-tests were
used for continuous variables while Chi-square tests were used for categorical variables as appropriate. While for multivariate analysis a two-
sided Kolmogorov—Smirnov test was used to determine the significance of the OPLS-DA performance on independent test data relative to the
null distribution. A Bonferroni correction to account for multiple comparisons was applied throughout. Univariate P-values below 0.05, 0.01 and
0.001 are represented by *, ** and ***, respectively. (J) ROC curves illustrating the performance of the multivariate model (solid black)
compared to each component of the model alone. Protein markers RSK like protein kinase (dashed red), MUSK (dashed light blue), DYLT |
(dashed dark blue) along with myo-inositol (dashed pink) and CSF mononuclear levels (dashed purple) combined afford greater predictive
accuracy than OCGB status (solid grey) alone. The AUC and accuracy of each ROC curve is displayed in brackets. Clinically defined converter

n=22, clinically defined non-converter n=32.
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Table 2 Predictive performance of the top 20 identified CSF protein biomarkers with highest specificity compared
to the performance of OCGB status.

PPV NPV ROC Odds P-value
threshold ratio

| 0.7 118.1 36.57 0.02
0.9 0.7 93.5 21.46 0.02
0.85 0.73 106 15 0.03
0.82 0.7 1289.6 10.38 0.03
0.79 0.73 4102.7 9.67 0.0l
0.79 0.73 23 9.67 0.02
0.75 0.69 229.3 6.69 0.03
0.78 0.78 24.9 12.25 0.002
0.78 0.78 8757.5 12.25 0.003
0.76 0.76 185.1 10.11 0.0l
0.75 0.74 58.7 8.4 0.004
0.73 0.72 110.2 7 0.0l
0.76 0.82 69.6 14.4 <0.001
0.72 0.75 187.3 7.8 0.03
0.71 0.73 293.1 6.48 0.03
0.73 0.8l 39.2 11.56 0.0l
0.71 0.79 68.8 9.29 0.0l
0.68 0.74 79.8 6.26 0.005
0.68 0.74 94.1 6.26 0.03
0.68 0.74 28.8 6.26 0.0l
50% 100% 0.5 21 0.0l

AUC [95% CI] Acc Sens Spec
MUSK 0.68 [0.54-0.83] 0.74 0.36 |
MMPI3 0.71 [0.57-0.86] 0.74 0.41 0.97
CCLI7 0.69 [0.54-0.84] 0.76 0.5 0.94
CXCLI 0.72 [0.57-0.86] 0.72 0.41 0.94
RARRES2 0.72 [0.58-0.86] 0.74 0.5 0.91
SMDTI 0.72 [0.58-0.86] 0.74 0.5 0.91
THBS4 0.66 [0.51-0.81] 0.7 0.41 0.91
RPS6KAS 0.79 [0.66-0.92] 0.78 0.64 0.88
MFAP4 0.78 [0.65-0.91] 0.78 0.64 0.88
IL22RA2 0.74 [0.6-0.88] 0.76 0.59 0.88
LCNIO 0.74 [0.6-0.88] 0.74 0.55 0.88
SGCB 0.72 [0.58-0.86] 0.72 0.5 0.88
XRCCI 0.84 [0.72-0.95] 0.8 0.73 0.84
MZFI 0.7 [0.55-0.85] 0.74 0.59 0.84
CCDC80 0.71 [0.56-0.85] 0.72 0.55 0.84
PLEKHAI 0.77 [0.63-0.9] 0.78 0.73 0.8l
MZTI 0.74 [0.6-0.88] 0.76 0.68 0.8l
TSSK2 0.74 [0.6-0.88] 0.72 0.59 0.8l
PPIL2 0.72 [0.57-0.86] 0.72 0.59 0.8l
COL6A2 0.71 [0.57-0.86] 0.72 0.59 0.8l
OCGB status 0.66 [0.5-0.81] 59% 100% 31%

Proteins are listed from highest to lowest specificity.

Acc, Accuracy; AUC, area under the curve; Cl, confidence interval; NPV, negative predictive value; PPV, positive predictive value; ROC, receiver operator curve; Sens, sensitivity;

Spec, specificity.

accuracy of only 2%. The predictive accuracy of the
multivariate multi-omics model greatly outperforms the
accuracy of each identified biomarker in isolation
(Fig. 3]). Interestingly, OCGB was not selected in the top
performing model, likely due to the increased overall ac-
curacy of baseline mononuclear and leukocyte cell counts
in this cohort. Indeed, replacement of mononuclear cell
count with OCGB in the multivariate model results in a
decrease in predictive accuracy of 11%.

Protein pathway enrichment analysis revealed that the
top 89 discriminatory variables are linked through several
pathways and physiological functions. The discriminatory
proteins upregulated in the converter group relative to
the non-converter group are consistent with perturbations
in cytokine, TNF, and interferon-gamma signalling path-
ways along with leukocyte proliferation, leukocyte medi-
ated immune response and chemotaxis (Fig. 4A). In
contrast, those proteins elevated in the non-converters are

consistent with cellular assembly, proliferation, and sur-
vival pathways including regulation of the MAPK cascade
in addition to immune activation and chemotaxis path-
ways (Fig. 4B). These results point to distinct protein
pathway perturbations in the converter and non-converter
groups at baseline, suggesting potentially discrete underly-
ing pathology. Of note, the proteins upregulated in the
converters were enriched in disease pathways consistent
with viral infection, retinal detachment, MS and athero-
sclerosis (Fig. 5A) suggesting that the proteome of the
converter patients was representative of MS at onset. In
contrast, the proteins upregulated in the non-converters
are enriched in disease pathways consistent with rheuma-
toid arthritis, degenerative polyarthritis, coronary artery
disease, and prostatic neoplasms (Fig. 5B).

Discussion

This study provides a detailed exploration of predictive
biomarkers in a prospective cohort of 54 individuals with
CIS. Due to differences in past McDonald diagnostic cri-
teria and the fact that the 2017 McDonald criteria have
low specificity, the occurrence of a second attack was
used to define clinical conversion in this cohort. This not
only ensures that the predictive biomarkers identified are
applicable to the ‘gold standard’ definition of MS, but
also ensures clinical utility as those individuals who have
a second clinical attack are more likely to develop severe

permanent  disability  than  those  with  Ssilent’
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Figure 4 Protein pathway enrichment analysis. Top significant pathways associated with the identified proteins which are upregulated in
clinically defined (A) converters and (C) non-converters. P-values <0.01 were considered significant. Visualization of the enrichment network
associated with proteins upregulated in (B) converters (D) and non-converters. Nodes are coloured according to pathway while larger nodes
represent smaller P-values. Similar and related pathways are grouped together. Clinically defined converter n =22, clinically defined non-

converter n=32.

demyelinating events and, thus, should be treated as early
as possible.

In total, only 41% of the patients recruited had a se-
cond attack and converted to clinically defined MS over
the course of follow-up, which is somewhat lower than
figures reported in a 20-year follow-up study where 63%
of patients experienced a second clinical event.® This is
likely due to the maximum length of follow-up in this
study, which was 10years. The average time to conver-
sion was 1.7years and 72% of the converters had a

second clinical attack within 2years. As a result, only
non-converters with a minimum of 2years of follow-up
were included in this study. No significant difference was
observed in either the gender, age, or EDSS at onset be-
tween the converter and non-converter groups.

Previous reports suggest that between 61 and 68.9% of
patients with CIS test positive for OCGB*’ and 50% of
these have a second clinical attack within 4years of
onset.'® In line with this, 81% of the CIS patients in our
cohort tested positive for OCGB at baseline, of which,
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Figure 5 Clustergram of associations of significantly enriched disease pathways with proteins upregulated in clinically defined
(A) converter CSF and (B) non-converter CSF. The proteins upregulated in converters were consistent with viral infection, retinal damage, and
MS disease pathways while the proteins upregulated in non-converters suggest atypical rheumatoid arthritis presentation. Red squares represent
a significant enrichment of the identified gene (rows) with a given pathological pathway (columns) while white squares represent no significant
interaction. Fisher exact test, corrected P-values <0.05 were considered significant. Clinically defined converter n =22, clinically defined non-

converter n = 32.

50% converted to clinically defined MS. In contrast,
none of the patients in the converter group tested nega-
tive for OCGB at baseline. As a result, the use of OCGB
in isolation predicted occurrence of a second clinical at-
tack with 100% sensitivity but only 31% specificity
resulting in an overall accuracy and AUC of 59% and
0.66, respectively.

CSF leukocyte cell count was moderately elevated (>4
but < 30 cells/ul) in 54% of the cohort at baseline. A
larger proportion of the patients who went on to have a
second clinical attack (72%) exhibited elevated leukocyte
cell counts at baseline when compared to those who did
not clinically convert over the follow up period (41%).
As a result, a significant elevation in leukocyte cell counts
was observed in converter CSF samples relative to non-
converters, which is consistent with an increased immune
response at baseline in these individuals. Interestingly,
when the total leukocyte population was evaluated at the
cell-type level, a significant elevation in the mononuclear,
but not PMN cells, was observed in the converter group
suggesting that the elevated leukocyte levels are domi-
nated by changes in mononuclear cells. Leukocytes are

known to be moderately elevated (4-50 cells/mm?) in up
to 60% of MS cases’” while relapsing remitting (RR) MS
patients with pleocytic CSF (>S5 cells/mm?®) are known to
have increased annualized relapse rates.’' Indeed, using
leukocyte levels >4 cells/mm® predicted transition to clin-
ically defined MS with an accuracy of 65%, although
ROC analysis revealed that a threshold of 3.5 cells/mm?®
was optimal (Fig. 1G). Interestingly, the mononuclear cell
population had greater predictive value than leukocyte
cell count. While less sensitive, both CSF mononuclear
and leukocyte levels predicted the occurrence of second
clinical attack with higher accuracy than OCGB (70%
and 67%, respectively). As these parameters are routinely
measured in order to rule out other potential diagnoses,
this suggests that inclusion of mononuclear cells as an
adjunct to MRI parameters and OCGB could improve
identification of those at high risk of clinically converting
to clinically defined MS without the requirement for an
additional biochemical test.

Changes in the concentration of soluble, small molecule
metabolites in biofluid samples, including CSF, are
known to be associated with CNS pathology, increased
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inflammation, and an elevated immune response. We and
others have demonstrated that relatively subtle differences
in the pathological mechanisms of inflammatory and
demyelinating CNS disease are detectable in the periph-
eral metabolome.****°* Multivariate analysis revealed
that myoinositol, glucose, creatine and lactate levels dis-
criminate  between converters and non-converters.
Converters had significantly higher average CSF myo-in-
ositol and glucose levels. While lactate and creatine did
not reach univariate significance when corrected for mul-
tiple comparisons the average lactate levels were higher
and creatine levels lower in converters compared to non-
converters at baseline. Perturbations in glucose and lac-
tate CSF levels in the converter group are consistent with
dysregulated CNS energy metabolism. Perturbed energy
metabolism in MS patients has been previously reported’*
and linked to oxidative damage, mitochondrial function
imbalance, and neuroaxonal degeneration. Increased CSF
lactate levels have been observed in RRMS patients and
correlate with markers of neuroaxonal damage.”® Under
healthy conditions, the brain utilizes 25% of the body’s
total glucose’® which is converted to lactate by anaerobic
glycolysis within glial cells and shuttled to neurons as the
primary energy source. Ineffective nerve conductance as a
result of demyelination coupled with CNS inflammation
in MS results in an increased neuronal energy demand.’’
Thus, the metabolite changes observed may represent
increased neuronal energy metabolism dysfunction in
those who go on to have a second clinical attack.

Myo-inositol is a component of plasma membranes and
myelin®® and thus the increased levels of myo-inositol
observed in the converter cohort may be a direct result
of myelin breakdown in the CNS. In addition, an
increased level of myo-inositol is known to be a marker
of gliosis®® and elevated levels of myo-inositol have been
observed in MS and CIS lesions.®® This could suggest
that CIS patients, who go on to have a second clinical at-
tack, have greater demyelination and glial activation at
baseline relative to non-converter which, while detectable
biochemically, is not yet distinguishable radiologically or
clinically.

Over 5000 proteins were measured in the baseline CSF
samples using the SomaScan® platform to uncover novel
predictive biomarkers of clinically defined conversion.
Multivariate pattern recognition identified 89 protein bio-
markers. Protein pathway enrichment analysis confirmed
that the proteins upregulated in the clinically defined con-
verter group were consistent with increased inflammation
and an altered immune response. Significant enrichment
in pathways regulating leukocyte proliferation and im-
munity is consistent with the elevated white blood cell
counts and increased gliosis observed in these patients.
Furthermore, the protein biomarkers identified were sig-
nificantly enriched in regulation of cytokine production
and receptor signalling, TNF signalling, and response to
interferon gamma. Investigation of disease associated pro-
tein pathways revealed that the proteins elevated in the

F. Probert et al.

converter CSF were significantly enriched in MS suggest-
ing that the proteins identified are indeed able to identify
MS at the point of first attack. In addition, viral infection
pathways were significantly enriched in the converter co-
hort which may correspond to virus-associated onset that
is observed in many MS cases. In contrast, the proteins
upregulated in the non-converter cohort were significantly
enriched in pathways associated with cellular assembly,
proliferation, and survival. Pathways associated with acti-
vation of the immune response were also significantly
enriched in the non-converters at baseline. Interestingly,
disease pathways associated with the proteins elevated in
the non-converter group were associated with rheumatoid
arthritis and degenerative arthritis as well as coronary ar-
tery disease, suggesting some individuals in this group
may have atypical presentation of peripheral inflamma-
tory, immune-mediated disease. Indeed, recent evidence
suggests that chronic peripheral inflammation can lead to
blood brain barrier dysfunction and CNS involvement in
diseases such as rheumatoid arthritis.®!

The proteins with greatest overall predictive power
were DNA repair protein XRCC1 (XRCC1), dynein light
chain Tctex-TYPE 1 (DYNLTT1), and natural cytotoxicity
triggering receptor 1 (NCR1) with AUC values of 0.84,
0.84 and 0.83, respectively. Partial loss of XRCC1 ren-
ders brain cells vulnerable to oxidative damage® suggest-
ing that the decreased levels of XRCC1 in the converters
could reflect an increased propensity to CNS oxidative
damage in this cohort. This is consistent with oxidative
damage and demyelinating induced perturbations in en-
ergy metabolism observed in the metabolomics analysis.
DYNLT1 regulates neuronal morphogenesis and, during
cortical development, inhibits neurogenesis.®> Thus,
increased levels of DYNLT1 in converter CSF may reflect
increased inhibition of neurogenesis in this group or dys-
regulation of neuronal architecture. Increased levels of
NCR1 in the converter group may represent increased ac-
tivation of natural killer (NK) cells.* The majority of
NCR1 expression in the CNS is localized to astrocytes®
supporting the metabolomics results which were suggest-
ive of increased gliosis in the converter cohort. While NK
cell activation in the CNS had been implicated in several
autoimmune diseases®® their role in MS remains to be
elucidated.

The extensive biomarker discovery employed here suc-
cessfully identified clinical chemistry, metabolite, and pro-
tein biomarkers of conversion to clinically defined MS,
each of which perform well in isolation and provide
novel insight into the different pathological mechanisms
in converters and non-converters at baseline. Future
work, on larger prospective cohorts, will investigate
whether the biomarkers identified here could be included
in the McDonald criteria to improve specificity when
identifying patients at high risk of second clinical attack.
In particular, the data presented suggest that a larger fol-
low-on study investigating the impact of leukocyte and
mononuclear cell counts on prediction of clinical
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conversion would be particularly attractive as these meas-
ures are routinely available. Ongoing work will validate
the identified biomarkers in the further independent
cohorts, develop a method to measure the identified bio-
markers using a single, cost-effective, assay for use in a
clinical setting, and compare this test with other recently
identified predictive biomarkers including baseline MRI
findings, clinical variables, NfL and IgG/M levels.

Supplementary material

Supplementary
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material is  available at  Brain

Funding

F.P. received funding from the Multiple Sclerosis Society
UK (grant 59) and the Medical Research Council
(MC_PC_15029). T.Y. is supported by the Ministry of
Health, Singapore through the National Medical
Research Council Research Training Fellowship (NMRC/
Fellowship/0038/2016).

Competing interests

Y.Z., M.S., S.A., TD.W.C., RH., J.O., D.L. and D.C.A.
declare no competing interests. S.A. declares no competing
interests. J.K. received speaker fees, research support, travel
support, and/or served on advisory boards by ECTRIMS,
Swiss MS Society, Swiss National Research Foundation,
(320030_160221), University of Basel, Bayer, Biogen,
Celgene, Merck, Novartis, Roche, Sanofi. FP has received
travel awards from ECTRIMS, Merck, and the Multiple
Sclerosis Society UK. T.Y. has received travel grants from
UCB, Merck and PACTRIMS, and travel awards from
ECTRIMS, ACTRIMS and Orebro University. J.P. is partly
funded by highly specialized services to run a national con-
genital myasthenia service and a neuromyelitis service. She
has received support for scientific meetings and honora-
riums for advisory work from Merck Serono, Biogen Idec,
Novartis, Teva, Chugai Pharma and Bayer Schering,
Alexion, Roche, Genzyme, MedIlmmune, Eurolmmun,
MedDay, Abide ARGENX, UCB and Viela Bio and grants
from Merck Serono, Novartis, Biogen Idec, Teva, Abide,
MedImmune, Bayer Schering, Genzyme, Chugai
Alexion. She has received grants from the MS society,
Guthrie Jackson Foundation, NIHR, Oxford Health
Services Research Committee, EDEN, MRC, GMSI, John
Fell and Myaware for research studies.

and

References

1. Miller D, Barkhof F, Montalban X, Thompson A, Filippi M.
Clinically isolated syndromes suggestive of multiple sclerosis, part

10.

11.

12.

13.

14.

1S5.

16.

17.

18.

19.

20.

BRAIN COMMUNICATIONS 2021: Page I150f 17 | 15

I: Natural history, pathogenesis, diagnosis, and prognosis. Lancet
Neurol. 2005;4(5):281-288.

Chung KK, Altmann D, Barkhof F, et al. A 30-year clinical and
magnetic resonance imaging observational study of multiple scler-
osis and clinically isolated syndromes. Ann Neurol. 2020;87(1):
63-74.

Fisniku LK, Brex PA, Altmann DR, et al. Disability and T2 MRI
lesions: A 20-year follow-up of patients with relapse onset of mul-
tiple sclerosis. Brain. 2008;131(3):808-817.

Derakhshandi H, Etemadifar M, Feizi A, et al. Preventive effect of
vitamin D3 supplementation on conversion of optic neuritis to
clinically definite multiple sclerosis: A double blind, randomized,
placebo-controlled pilot clinical trial. Acta Neurol Belg. 2013;
113(3):257-263.

Kappos L, Wolinsky JS, Giovannoni G, et al. Contribution of re-
lapse-independent progression vs relapse-associated worsening to
overall confirmed disability accumulation in typical relapsing mul-
tiple sclerosis in a pooled analysis of 2 randomized clinical trials.
JAMA Neurol. 2020;77(9):1132-1140.

Leist TP, Comi G, Cree BA, et al. Effect of oral cladribine on time
to conversion to clinically definite multiple sclerosis in patients
with a first demyelinating event (ORACLE MS): A phase 3 rando-
mised trial. Lancet Neurol. 2014;13(3):257-267.

Melendez-Torres GJ, Armoiry X, Court R, et al. Comparative ef-
fectiveness of beta-interferons and glatiramer acetate for relapsing-
remitting multiple sclerosis: Systematic review and network meta-
analysis of trials including recommended dosages. BMC Neurol.
2018;18(1):162.

Nagtegaal GJ, Pohl C, Wattjes MP, et al. Interferon beta-1b
reduces black holes in a randomised trial of clinically isolated syn-
drome. Mult Scler. 2014;20(2):234-242.

Waubant E. Overview of treatment options in multiple sclerosis. J
Clin Psychiatry. 2012;73(6):e22.

Carroll WM. 2017 McDonald MS diagnostic criteria: Evidence-
based revisions. Mult Scler. 2018;24(2):92-95.

Habek M, Pavicic T, Ruska B, et al. Establishing the diagnosis of
multiple sclerosis in Croatian patients with clinically isolated syn-
drome: 2010 versus 2017 McDonald criteria. Mult Scler Relat
Disord. 2018;25:99-103.

van der Vuurst de Vries RM, Mescheriakova JY, Wong YYM, et
al. Application of the 2017 revised McDonald criteria for multiple
sclerosis to patients with a typical clinically isolated syndrome.
JAMA Neurol. 2018;75(11):1392-1398.

Kuhle J, Disanto G, Dobson R, et al. Conversion from clinically
isolated syndrome to multiple sclerosis: A large multicentre study.
Mult Scler. 2015;21(8):1013-1024.

Tintore M, Rovira A, Rio ], et al. Defining high, medium and low
impact prognostic factors for developing multiple sclerosis. Brain.
2015;138(7):1863-1874.

Tintore M, Rovira A, Rio ], et al. Baseline MRI predicts future
attacks and disability in clinically isolated syndromes. Neurology.
2006;67(6):968-972.

Tintore M, Rovira A, Rio J, et al. Do oligoclonal bands add infor-
mation to MRI in first attacks of multiple sclerosis? Neurology.
2008;70(Issue 13, Part 2):1079-1083.

Huss A, Abdelhak A, Halbgebauer S, et al. Intrathecal immuno-
globulin M production: A promising high-risk marker in clinically
isolated syndrome patients. Ann Neurol. 2018;83(5):1032-1036.
Pfuhl C, Grittner U, Giefs, RM, et al. Intrathecal IgM production
is a strong risk factor for early conversion to multiple sclerosis.
Neurology. 2019;93(15):e1439-e1451.

Siller N, Kuhle J, Muthuraman M, et al. Serum neurofilament light
chain is a biomarker of acute and chronic neuronal damage in
early multiple sclerosis. Mult Scler. 2019;25(5):678-686.

Ignacio RJ, Liliana P, Edgardo C. Oligoclonal bands and MRI in
clinically isolated syndromes: Predicting conversion time to mul-
tiple sclerosis. ] Neurol. 2010;257(7):1188-1191.


https://academic.oup.com/braincomms/article-lookup/doi/10.1093/braincomms/fcab084#supplementary-data

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

| BRAIN COMMUNICATIONS 2021: Page 16 of |7

Miller DH, Weinshenker BG, Filippi M, et al. Differential diagno-
sis of suspected multiple sclerosis: A consensus approach. Mult
Scler. 2008;14(9):1157-1174.

Poser CM, Paty DW, Scheinberg L, et al. New diagnostic criteria
for multiple sclerosis: Guidelines for research protocols. Ann
Neurol. 1983;13(3):227-231.

Teunissen CE, Petzold A, Bennett JL, et al. A consensus protocol
for the standardization of cerebrospinal fluid collection and bio-
banking. Neurology. 2009;73(22):1914-1922.

Felgenhauer K, Schliep G, Rapic N. Evaluation of the blood-CSF
barrier by protein gradients and the humoral immune response
within the central nervous system. ] Neurol Sci. 1976;30(1):
113-128.

Keir G, Luxton RW, Thompson EJ. Isoelectric focusing of cerebro-
spinal fluid immunoglobulin G: An annotated update. Ann Clin
Biochem. 1990;27(5):436-443.

Andersson M, Alvarez-Cermeno J, Bernardi G, et al
Cerebrospinal fluid in the diagnosis of multiple sclerosis: A consen-
sus report. ] Neurol Neurosurg Psychiatry. 1994;57(8):897-902.
Lenz EM, Bright J, Wilson ID, Morgan SR, Nash AF. A 1H
NMR-based metabonomic study of urine and plasma samples
obtained from healthy human subjects. J] Pharm Biomed Anal.
2003;33(5):1103-1115.

Thevenot EA, Roux A, Xu Y, Ezan E, Junot C. Analysis of the
human adult urinary metabolome variations with age, body mass
index, and gender by implementing a comprehensive workflow for
univariate and OPLS statistical analyses. J Proteome Res. 2015;
14(8):3322-3335.

Wishart DS, Feunang YD, Marcu A, et al. HMDB 4.0: The human
metabolome database for 2018. Nucleic Acids Res. 2018;46(D1):
D608-D617.

Sweatman BC, Farrant RD, Holmes E, Ghauri FY, Nicholson JK,
Lindon JC. 600 MHz 1H-NMR spectroscopy of human cerebro-
spinal fluid: Effects of sample manipulation and assignment of res-
onances. ] Pharm Biomed Anal. 1993;11(8):651-664.

Emilsson V, Ilkov M, Lamb JR, et al. Co-regulatory networks of
human serum proteins link genetics to disease. Science. 2018;
361(6404):769-773.

Gold L, Ayers D, Bertino ], et al. Aptamer-based multiplexed
proteomic technology for biomarker discovery. PLoS One. 2010;
5(12):e15004.

R Development Core Team. R: A language and environment for
statistical computing. Vienna, Austria: R Foundation for Statistical
Computing; 2019.

Probert F, Walsh A, Jagielowicz M, et al. Plasma nuclear magnetic
resonance metabolomics discriminates between high and low endo-
scopic activity and predicts progression in a prospective cohort of
patients with ulcerative colitis. J Crohns Colitis. 2018;12(11):
1326-1337.

Jurynczyk M, Probert F, Yeo T, et al. Metabolomics reveals dis-
tinct, antibody-independent, molecular signatures of MS, AQP4-
antibody and MOG-antibody disease. Acta Neuropathol
Commun. 2017;5(1):95.

Combrisson E, Jerbi K. Exceeding chance level by chance: The cav-
eat of theoretical chance levels in brain signal classification and
statistical assessment of decoding accuracy. ] Neurosci Methods.
2015;250:126-136.

Friedman J, Hastie T, Tibshirani R. Regularization paths for gen-
eralized linear models via coordinate descent. J Stat Softw. 2010;
33(1):1-22.

Zou H, Hastie T. Regularization and variable selection via the
elastic net (vol B 67, pg 301, 2005). J R Stat Soc B. 2005;67(5):
768.

Zou H, Hastie T, Tibshirani R. Sparse principal component ana-
lysis. J] Comput Graph Stat. 2006;15(2):265-286.

Robin X, Turck N, Hainard A, et al. pPROC: An open-source pack-
age for R and S+ to analyze and compare ROC curves. BMC
Bioinformatics. 2011;12(1):77.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

S1.

52.

53.

54.

55.

6.

57.

58.

59.

60.

61.

62.

F. Probert et al.

Ruxton GD, Neuhiduser M. Review of alternative approaches to
calculation of a confidence interval for the odds ratio of a 2x2
contingency table. Methods Ecol Evol. 2013;4(1):9-13.

Zhou Y, Zhou B, Pache L, et al. Metascape provides a biologist-
oriented resource for the analysis of systems-level datasets. Nat
Commun. 2019;10(1):1523.

McHugh ML. Interrater reliability: The kappa statistic. Biochem
Med (Zagreb). 2012;22(3):276-282.

Shannon P, Markiel A, Ozier O, et al. Cytoscape: a software envir-
onment for integrated models of biomolecular interaction net-
works. Genome Res. 2003;13(11):2498-2504.

Pinero J, Ramirez-Anguita JM, Sauch-Pitarch ], et al. The
DisGeNET knowledge platform for disease genomics: 2019 up-
date. Nucleic Acids Res. 2020;48(D1):D845-D855.

Chen EY, Tan CM, Kou Y, et al. Enrichr: Interactive and collab-
orative  HTMLS gene list enrichment analysis tool. BMC
Bioinformatics. 2013;14:128.

Cinar BP, Ozakbas S. Prediction of conversion from clinically iso-
lated syndrome to multiple sclerosis according to baseline charac-
teristics: A prospective study. Noro Psikiyatr Ars. 2018;55(1):
15-21.

Miller DH, Chard DT, Ciccarelli O. Clinically isolated syndromes.
Lancet Neurol. 2012;11(2):157-169.

Dobson R, Ramagopalan S, Davis A, Giovannoni G.
Cerebrospinal fluid oligoclonal bands in multiple sclerosis and
clinically isolated syndromes: A meta-analysis of prevalence, prog-
nosis and effect of latitude. ] Neurol Neurosurg Psychiatry. 2013;
84(8):909-914.

Efendi H. Clinically isolated syndromes: Clinical characteristics,
differential diagnosis, and management. Noro Psikiyatr Ars. 2015;
52(Suppl 1):S1-S11.

Lotan I, Benninger F, Mendel R, Hellmann MA, Steiner 1. Does
CSF pleocytosis have a predictive value for disease course in MS?
Neurol Neuroimmunol Neuroinflamm. 2019;6(5):e584.

Dickens AM, Larkin JR, Griffin JL, et al. A type 2 biomarker sepa-
rates relapsing-remitting from secondary progressive multiple scler-
osis. Neurology. 2014;83(17):1492-1499.

Kim HH, Jeong IH, Hyun ]S, Kong BS, Kim H]J, Park SJ.
Metabolomic profiling of CSF in multiple sclerosis and neuromye-
litis optica spectrum disorder by nuclear magnetic resonance. PLoS
One. 2017;12(7):¢0181758.

Mathur D, Lopez-Rodas G, Casanova B, Marti MB. Perturbed
glucose metabolism: Insights into multiple sclerosis pathogenesis.
Front Neurol. 2014;5:250.

Albanese M, Zagaglia S, Landi D, et al. Cerebrospinal fluid lactate
is associated with multiple sclerosis disease progression. J
Neuroinflammation. 2016;13:36.

Howarth C, Gleeson P, Attwell D. Updated energy budgets for
neural computation in the neocortex and cerebellum. J Cereb
Blood Flow Metab. 2012;32(7):1222-1232.

Trapp BD, Stys PK. Virtual hypoxia and chronic necrosis of
demyelinated axons in multiple sclerosis. Lancet Neurol. 2009;
8(3):280-291.

Young GB, Hader WJ, Hiscock M, Warren KG, Logan D. The
role of myo-inositol in multiple sclerosis. J Neurol Neurosurg
Psychiatry. 1986;49(3):265-272.

Ross BD, Bluml S, Cowan R, Danielsen E, Farrow N, Gruetter R.
In vivo magnetic resonance spectroscopy of human brain: The bio-
physical basis of dementia. Biophys Chem. 1997;68(1-3):161-172.
Fernando KT, McLean MA, Chard DT, et al. Elevated white mat-
ter myo-inositol in clinically isolated syndromes suggestive of mul-
tiple sclerosis. Brain. 2004;127(Pt 6):1361-1369.

Sag S, Sag MS, Tekeoglu I, et al. Central nervous system involve-
ment in rheumatoid arthritis: Possible role of chronic inflammation
and tnf blocker therapy. Acta Neurol Belg. 2020;120(1):25-31.
Ghosh S, Canugovi C, Yoon JS, et al. Partial loss of the DNA re-
pair scaffolding protein, Xrccl, results in increased brain damage



Integrative biomarkers predict MS conversion

63.

64.

and reduced recovery from ischemic stroke in mice. Neurobiol
Aging. 2015;36(7):2319-2330.

Merino-Gracia J, Zamora-Carreras H, Bruix M, Rodriguez-
Crespo I. Molecular basis for the protein recognition specificity of
the dynein light chain DYNLT1/Tctex1: characterization of the
interaction with activin receptor IIB. ] Biol Chem. 2016;291(40):
20962-20975.

Pessino A, Sivori S, Bottino C, et al. Molecular cloning of NKp46:
A novel member of the immunoglobulin superfamily involved in

65.

66.

BRAIN COMMUNICATIONS 2021: Page 17 of 17 | 17

triggering of natural cytotoxicity. J Exp Med. 1998;188(5):
953-960.

Durrenberger PF, Ettorre A, Kamel F, et al. Innate immunity in
multiple sclerosis white matter lesions: Expression of natural cyto-
toxicity triggering receptor 1 (NCR1). ] Neuroinflammation.
2012;9:1.

Fogel LA, Yokoyama WM, French AR. Natural killer cells
in human autoimmune disorders. Arthritis Res Ther. 2013;15(4):
216.



	tblfn1
	tblfn2
	tblfn3
	tblfn4



