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Machine learning-based combination of the
central vein sign, cortical lesions and
paramagnetic rim lesions: a web-based tool for
the diagnosis of multiple sclerosis
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Multiple sclerosis diagnostic criteria lack optimal specificity, leading to potential misdiagnosis. Advanced magnetic resonance imaging (MRI) biomarkers
like the central vein sign, cortical lesions and paramagnetic rim lesions are highly specific to multiple sclerosis and could potentially improve diagnostic
accuracy. In this study, we applied machine learning techniques to a retrospective, multicentric dataset of 322 multiple sclerosis/multiple sclerosis-mimic
(204/118) and 84 prodromal multiple sclerosis/non-multiple sclerosis (43/41) adult patients, incorporating the central vein sign, cortical lesions and para-
magnetic rim lesions. We compared (5 x 2 cross-validation combined Ftest) the diagnostic performance of 71 machine learning models, each corresponding
to a distinct combination of full-count or simplified biomarker inputs, against the baseline dissemination in space McDonald criteria. The aim was to evalu-
ate the multiple sclerosis diagnostic power of combining these biomarkers in an MRI-only diagnostic framework. 51 of the 71 models significantly out-
performed the dissemination in space criterion (2 < 0.05), with balanced accuracy improvements up to 13.0% (confidence interval: [+10.5; +17.0]).
The best overall model (random forest, using full-count assessments) achieved 95.7% (confidence interval: [93.2; 99.7]) balanced accuracy; the best sim-
plified model (logistic regression, using only simplified assessments) reached 94.7% with no significant difference with the former (2= 0.29). Notably,
12/51 high-performing models used only simplified assessments. To further investigate the models’ generalizability, external validation on two out-of-dis-
tribution test sets using bootstrapping (1000 resamples) confirmed these results and highlighted a more robust generalization for the best model using solely
simplified biomarkers. On the first external test set (2 = 37, Verona), the simplified model achieved 97.2% balanced accuracy, while the full-count model
reached 93.3% (versus 83.3% for baseline). On the second test set (7 = 84, prodromal cases), the simplified model achieved 92.6% (versus 60.1% for baseline)
showing competitive performance against the full-count model (93.9%). Both models improved all key performance metrics—balanced accuracy, sensitiv-
ity, specificity, precision and F1 score—over the baseline on both test sets (all 2 < 0.0001). Within a non-invasive MRI-only diagnostic framework, these
results show that the incorporation of advanced imaging biomarkers into the multiple sclerosis-MRI diagnostic criteria significantly enhances the diagnostic
accuracy—a statement holding true even when using simplified central vein sign, cortical lesions and paramagnetic rim lesions assessments. The study also

provides a publicly available online diagnostic tool, facilitating further interaction, validation and clinical support (https://www.msdiagnostictool.org).
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H between sensitivity and specificity, and the previous 2017 McDonald
Introduction o ane specttiey P

criteria! tended to favour sensitivity over speciﬁcity.2 This admittedly

In multiple sclerosis (MS), highly sensitive and specific diagnostic cri- led to early detection of the disease” but also increased the risk of incor-

teria are required to allow timely patient treatment and prevent mis- rectly diagnosing patients with conditions that mimic MS," potentially
diagnosis. Establishing diagnostic criteria often involves a trade-off overburdening healthcare and harming patients. To address this issue,
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Figure 1 Advanced magnetic resonance imaging (MRI) biomarkers. Representative MRI axial view of a 25-year-old man with
relapsing-remitting multiple sclerosis (RRMS) showing the three advanced biomarkers on different contrasts: (A) Fluid Attenuated Inversion
Recovery (FLAIR); (B) Magnetization Prepared RApid Gradient Echo (MPRAGE); (C) Double Inversion Recovery (DIR); (D) Echo Planar
Imaging (EPI) unwrapped filtered phase; (E) EPI magnitude; (F-G): magnified views of cortical lesions (CL) on MPRAGE (F) and DIR (G)
indicated by solid arrows; H: magnified view of a paramagnetic rim lesions (PRL) on EPI unwrapped filtered phase—solid arrows indicating
the dark rim; I: magnified view of a lesion showing the central vein sign (CVS) on EPI magnitude—hollow arrow indicating the central vein.

new advanced MRI biomarkers—the central vein sign (CVS), cortical
lesions (CLs) and paramagnetic rim lesions (PRLs) (Fig. 1)—have
gained considerable attention in the MS community due to their
high specificity for MS, bearing the potential to reduce misdiagnosis
while still allowing early detection of the disease.>® While the CVS re-
flects the perivenular development of inflammatory demyelination in
white matter, PRLs indicate perilesional chronic inflammation, specif-
ically the accumulation of iron-laden microglia/macrophages at the le-
sion edge after acute inflammation resolves.”® CLs are focal
abnormalities completely within the cortex or spanning both the cor-
tex and the underlying white matter; these were already included in the
2017 revision of the McDonald criteria but remain difficult to detect
without specialized MRI techniques.”"* Given the specificity of these
new advanced MRI biomarkers for MS, the recently published 2024
revisions to the McDonald criteria propose to incorporate CVS and
PRLs as additional MRI features (CLs being formally already included
in the 2017 revision) to enhance diagnostic accuracy.'' However, the
full-count (exhaustively detecting all occurrences) assessment of these
advanced biomarkers is time-consuming and often incompatible
with clinical practice. In this context, the effects of using more prac-
tical, simplified biomarker assessments (classifying each subject as posi-
tive or negative for a given biomarker), as well as the impact on MS
diagnostic performance of combining these advanced MRI biomarkers
remains uncertain.

In line with broader trends demonstrating the potential of ma-
chine learning (ML) for diagnosing neurological diseases,""” this
study investigates ML as a means to (i) improve MS diagnostic accur-
acy, and (ii) facilitate the incorporation of CVS, CLs and PRLs—
with or without the existing dissemination in space (DIS) imaging
criteria —'* into an exclusively MRI-based diagnostic framework,
thus independently of any other clinical or paraclinical feature. In
particular, we analyse ML models trained with a unique combin-
ation of input covariates and compare their performance against pre-
viously accepted DIS criteria.' We expect that the inclusion and
combination of MS-specific MRI biomarkers will improve specifi-
city while maintaining the high sensitivity of the current DIS criteria.
Finally, this paper comes along with a publicly available online tool
for MSS diagnosis, allowing users to explore and interact with the ML
models discussed hereafter (https://www.msdiagnostictool.org).

Materials and methods

This study uses a retrospective convenience dataset of 406 patients
from six centres across four countries: Erasme (Erasme Hospital,
Université Libre de Bruxelles, Brussels, Belgium), CHUV (Centre
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Table 1 Demographic and clinical characteristics of patients belonging to seven different datasets separated in a training
set and two independent test sets

Training Set Test Sets
CUSL

Clinical Site Erasme CHUV CUSL Milan NIH Total Verona prodromal
Participants, n 31 55 137 24 38 285 37 84
Women, n (%) 18 (58) 36 (65) 90 (66) 20 (83) 18 (47) 182 (64) 27 (73) 66 (79)
Age, mean (range) 49 (29-69) 47 (24-76) 45(22-77) 43(20-60) 53(21-75) 47 (20, 77) 44 (23-67) 42 (18-69)
MS, n (RRMS, SPMS, 30(7,17,6) 46(29,9,8) 99(68,21,10) 10(9,0,1) 0(0,0,0) 185(113,47,25) 19(18,1,0) 432

PPMS)
Non-MS, n (OIND, 1(1,0,0) 9(7,2,0) 38(13,25,0) 14(8,6,0) 38(9,10,19) 100 (38,43,19) 18(15,3,0) 41°

NIND, NV)

The datasets originate from six different centres; Erasme, Erasme Hospital, Université Libre de Bruxelles, Brussels, Belgium; CHUV, Centre Hospitalier Universitaire
Vaudois, Université de Lausanne, Lausanne, Switzerland; CUSL, Cliniques Universitaires Saint-Luc, Université Catholique de Louvain, Brussels, Belgium; Milan,
Vita-Salute San Raffaele University, Milan, Italy; NIH, National Institutes of Health, Bethesda, MD, USA; Verona, University Hospital of Verona, Verona, Italy. Patients
with evidence of CNS involvement were classified as having a definite MS diagnosis according to McDonald 2017, or having MS-mimicking conditions, composed of
OIND, NIND, and NV (detailed die, according to internationally published diagnostic criteria. °The prodromal test set is composed of prodromal MS cases (per 2017
McDonald criteria) that were stratified as MS/non-MS per the 2024 revision of McDonald criteria®* (for this particular cohort, unfulfilment of 2024 McDonald criteria
result in a non-MS diagnosis). Central nervous system, CNS, MS, multiple sclerosis; RRMS, remitting-relapsing MS; SPMS, secondary progressive MS; PPMS, primary
progressive MS; OIND, other inflammatory/infectious neurologic diseases; NIND, noninflammatory neurologic diseases; NV, neurotropic viruses.

Hospitalier Universitaire Vaudois, Universit¢é de Lausanne,
Lausanne, Switzerland), CUSL (Cliniques Universitaires
Saint-Luc, Université Catholique de Louvain, Brussels, Belgium),
Milan (Vita-Salute San Raffaele University, Milan, Italy), NIH
(National Institutes of Health, Bethesda, MD, USA) and Verona
(University Hospital of Verona, Verona, Italy). In adult patients
with clinical/MRI evidence of central nervous system (CNS) in-
volvement, individuals were first classified as having an MS diagno-
sis according to McDonald 2017,  or having MS-mimic conditions
according to internationally published diagnostic criteria'
(MS-mimic/MS, 118/204). The MS-mimic group included other
inflammatory neurological disorders (OIND), non-inflammatory
neurological disorders (NIND) and neurotropic viral infections
(NV) (see Table 1 for diagnostic categories and Suppl. Sec. 1.3
for detailed pathologies). Cases having a suspected prodromal MS
pathology—defined as patients not meeting the 2017 McDonald
criteria and primarily composed of those with clinically or radio-
logically isolated syndrome (resp. CIS or RIS)—were instead classi-
fied as MS/Non-MS (43/41) according to the 2024 revision of the
McDonald criteria.’ Patient eligibility criteria included (i) age >18
years, (ii) clinical/MRI evidence of CNS involvement, (iii) presence
of brain lesions and absence of diffuse leukoencephalopathy (with-
out any focal lesion), and (iv) availability of 3T 3-dimensional (3D)
segmented T2*weighted echo planar imaging (EPI) for CVS and
PRL assessment, and double inversion recovery (DIR) and/or
T1-weighted magnetization prepared rapid gradient echo images
(MPRAGE) for CL assessment (refer to Supplementary Table 1
for a comprehensive overview of acquisition parameters).
Figure 2 shows a flow chart of participants inclusion and Table 1
reports baseline demographic and clinical characteristics. Only fully
anonymized imaging (in the brain imaging data structure—
BIDS,">'€ or tabular data) and clinical data, with all personal iden-
tifiers removed, were shared between participating centres under in-
stitutional data transfer agreements compliant with the General
Data Protection Regulation (GDPR). Study procedures received
approval from an ethical standards committee on human

experimentation (Brussels Saint-Luc IRB B4032020000104), and
written informed consent according to the declaration of
Helsinki was obtained from all participants prior to participation.

Covariates used in this study included demographic information
(age and sex assigned at birth), and MRI covariates grouped into
four categories: one DIS criterion—according to McDonald 2017
(DIS)—and three advanced MRI biomarkers—CVS, CL and
PRL (Fig. 1). More specifically, DIS was defined as the presence
of at least one or more T2 hyperintense lesion in at least two of
the typical areas (peri-ventricular, (juxta-)cortical, infra-tentorial,
spinal-cord)." In addition, all occurrences of CL and PRL were ex-
haustively counted (full-count), and participants were also dichot-
omized as having the presence of at least one CL and/or one PRL
for simplified assessment. For the CVS, the percentage of perivenu-
lar lesions (%CVS) was determined across all eligible brain lesions'”
in each participant (full-count). Additionally, each participant was
dichotomized as CVS-positive/CVS-negative/not-applicable based
on the ‘Select-3*'* and “Select-6*"* simplified algorithms, where
a scan was considered as CVS-positive if there were respectively
>3 or >6 eligible lesions that met the CVS-positive NAIMS cri-
teria;'” not applicable if there were <3 eligible lesions. See the
supplementary materials for details.

In each patient, CVS, CL and PRL analysis was independently
assessed following established guidelines and methods by two
trained investigators (P.M. and S.B. for Erasme, CUSL, CHUV
and Verona cases; M.A. and M.S.M. for Milan and NIH cases),
each unaware of the other’s analysis and blinded to participants’
diagnosis. All non-MS cases that were CVS-positive or bearing
>1PRL or >1 CL were jointly reviewed by M.A. and P.M. for final
adjudication. The intraclass correlation coefficient (ICC) inter-rater
agreement, computed on the training set, was 0.995 (95% confi-
dence interval [CI] 0.980-0.999, P< 0.001) for CVS assessment;
0.998 (95% CI 0.995-0.999, P<0.001) for CL assessment; and
0.986 (95% CI 0.950-0.996, P<0.001) for PRL assessment.
Below is a summary of the covariates:

e Age
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« 3T brain MRIwith 3T-T2*-EPI and 3D-DIR and/or 3D T1-MPRAGE
* Presence of brain lesions and absence of diffuse

leukoencephalopathy

Assessed for eligibility between 2013 and December 2024

_| MRI exclusion criteria:

Included
N=418
Included N=406
Erasme CHUV CUSL Milan
N=31 N=55 N=221 N=24

Initial workup suggestive of MS?
N * Medical history and clinical
examination

s

+ Motion artifact (N=12)

NIH Verona
N=38 N=37
: Included
No N=84

* Imaging and laboratory tests
+ Differential diagnosis
Yes
Better Definite MS according to
explanation McDonald 2017
Yes
Y r
MS-mimic MS
N=118 N=204

|

MS diagnosis according to
McDonald 2024

Yes I No.
l

r

MS 2024 Non-MS 2024
N=43 N=41

Erasme: Erasme Hospital, Université Libre de Bruxelles, Brussels, Belgium
CHUV: Centre Hospitalier Universitaire Vaudois, Université de Lausanne, Lausanne, Switzerland
CUSL: Cliniques Universitaires Saint-Luc, Université Catholique de Louvain, Brussels, Belgium

Milan: Vita-Salute San Raffaele University, Milan, Italy
NIH: National Institutes of Health, Bethesda, MD, USA
Verona: University Hospital of Verona, Veerona, ltaly

Figure 2 Participant flow chart. Summarizes patients’ progress through the study. CHUV, Centre Hospitalier Universitaire Vaudois;
CNS, central nervous system; CUSL, Cliniques Universitaires Saint-Luc; EPI, echo planar imaging; DIR, double inversion recovery;
MPRAGE, magnetization prepared—rapid gradient echo; MRI, magnetic resonance imaging; MS, multiple sclerosis; NIH, National

Institutes of Health.

Sex assigned at birth

* DIS according to McDonald 2017

* Full-count assessments: total percentage of CVS positive lesions
(%CVS), total CL and PRL counts (resp. #CL and #PRL)
Simplified assessments: CVS Select-3*'* and Select-6*'* algo-
rithms, having >1 CL/PRL (resp. CL1/PRL1)

This section outlines the approach employed to investigate the ap-
plication of ML in diagnosing MS using only cross-sectional demo-
graphic and radiological data. The diagnostic task was formulated as
a binary classification problem, using covariates detailed in the

previous subsection, to predict a binary output designating MS
presence (1) or absence (0). Following statistical analysis (cf. infra),
feature selection excluded Age and Sex assigned at birth due to the
insufficient discriminatory power of these variables. The ML algo-
rithms selected for this study include logistic regression19 (LR), de-
cision tree,”® random forest (RF),*' K-nearest neighbours classifier
(KNN),* support vector classifier (SVC),” and extreme gradient
boosting (XGB).** These algorithms were chosen due to their wide-
spread use, demonstrated performance and accessibility via Python
libraries. Finally, balanced accuracy—defined as the average between
specificity and sensitivity—was selected as the performance metric
to be maximized. This metric was chosen to ensure an optimal
trade-off between sensitivity and specificity, thereby providing a ro-
bust evaluation of model performance. Prior to conducting any
analyses, the dataset was partitioned into a training set, comprising
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data from five centres (2 & 285), and two independent test sets (%
& 121), selected specifically to evaluate the generalizability of the
ML models to unseen and heterogeneous data (see Table 1). The
first test set included data from Verona, Italy (z = 37) to ensure
scanner and geographical diversity, while the second included pro-
dromal cases from CUSL (7 = 84) to test the models against the up-
coming 2024 McDonald criteria.!

Using the training dataset, step 1 of the analysis identified the op-
timal algorithm-combination pairs by selecting the ML algorithm
that maximized performance for each of the 71 possible covariate
combinations (e.g. $CVS+#PRL or Select-3*+CL1 + PRLI; refer
to Suppl. Sec. 1.3. for more detailed explanations). More specifical-
ly, using 10-fold cross-validation (CV), the algorithm achieving the
highest balanced accuracy was chosen for each combination. The
optimal classification cutoff was determined by averaging each
folds” optimal cutoff, maximizing balanced accuracy. Steps 2-5
were also performed on the training dataset (Suppl. Sec. 1.3.4.):
Step 2 evaluates all algorithm-combination pairs against the DIS
(hereafter called ‘baseline’), categorizing them as either significantly
better or not, and ranking them by balanced accuracy improvement
relative to the baseline. The best overall pair (AMp,,) and the best
pair using only simplified variables (Mg;,pii.4) Were identified.
Step 3 tested whether M., was significantly superior to other pairs,
while Step 4 did the same for Mg;,,p1:.4 Within simplified-variable
models. Step 5 directly compared M., and M;,piifeq against each
other.

To ensure model robustness and generalizability, performance
was evaluated on two unseen datasets, mitigating the risk of overfit-
ting. All models, but specifically Mpg.,, and M mpificar Were re-
trained on the full training set, to maximize available
information. All models’ performance was then assessed on the
two independent test sets and compared to the baseline DIS per-
formance by conducting a holistic evaluation using balanced accur-
acy, sensitivity, specificity, precision and F1 score metrics. Finally,
the performance of My, and Mimpiifca Was further compared
to that of all single-variable models on the prodromal test dataset
(Test set 2) to evaluate the added value of combining multiple bio-
markers in the context of the new 2024 diagnostic criteria.

Accompanying this paper, the authors have made available an open-
access online tool (see Fig. 3, https://www.msdiagnostictool.org)
following an MDCalc® fashion, which enables users to input pa-
tient data and instantly receive diagnostic predictions from the
study’s models, facilitating direct application of the research find-
ings and reproducibility of the results. To ensure the reliability
and interpretability of the models deployed on the website, several
measures were implemented, including model calibration, uncer-
tainty quantification, user-friendly output presentation and
SHAP (SHapley Additive exPlanations)-based explainability.*®
Since the raw outputs of classifiers often do not represent true
posterior probabilities,27 model calibration is essential to adjust pre-
dicted probabilities to better reflect actual likelihoods, enabling re-
liable interpretation and comparison of different model outputs.
We used Platt’s calibration method®® from scikit-learn with
5-fold CV, which performs well on small datasets,”” thus producing

M. Wynen et al.

five distinct calibrated models for each algorithm-combination pair.
The website displays as a final output score the average prediction
and associated standard deviation across the S-fold recalibrated
models, providing both a robust estimate and a measure of uncer-
tainty of the algorithm-combination pair.

To mitigate potential confusion from displaying the outputs of
up to 71 models, we implemented three summarized visual aids
(Fig. 3). The first (Fig. 3A) shows the best-performing model—de-
termined by performance across both test sets—alongside a sum-
mary of all models, grouped by whether or not they significantly
outperformed DIS in training. Additionally, a summary chart
(Fig. 3B) displays the outputs of all models, sorted by their perform-
ance on the two test sets, while a summary table provides detailed
information about each model, including its algorithm, input com-
bination and key performance metrics. This presentation allows
users to compare predictions across models and evaluate their
consistency.

To enhance explainability, we employed SHAP values,?® which
decompose predictions into feature contributions, enabling users to
understand how specific variables influence the output. By ensuring
transparency and enabling users to understand the models’
decision-making process, the four measures we developed in this
section support a practical application of the proposed tool in clin-
ical settings.

The statistical analysis involved ANOVA F-value feature selection,
excluding age and sex due to insufficient discriminatory power.
Missing data handling was not required, as the strict inclusion cri-
teria described above ensured that the final cohort contained no
missing values. Step 1 used a 10-fold CV to select the optimal algo-
rithm for each combination of features. Steps 2-5 used a 5 x 2CV
combined F-test,”>>® a robust statistical method for comparing clas-
sifier performance. This test repeats a two-fold CV five times to es-
timate performance variability and computes an Fstatistic to
determine whether the observed differences between models are
statistically significant. A supplementary Benjamini-Hochberg cor-
rection was applied to correct P-values for multiple comparison. To
assess the models’ generalizability, bootstrapping with 1000 resam-
ples was performed to construct confidence intervals for all metrics
and to perform pairwise one-sided Wilcoxon signed-rank tests aim-
ing to determine whether Mg.,, and M;,,p155ea significantly outper-
formed the baseline across these metrics. Finally, the same Wilcoxon
test was used to assess whether M, and Mg;,,p:.4 showed signifi-
cantly superior performance to each single-variable model with the
new McDonald 2024 criteria'’ as a reference. The significance level
was set to 0.05 for all tests.

Results

Among the 71 algorithm-combination pairs evaluated, step 2 iden-
tified 51 models demonstrating significant (P < 0.05) superior per-
formance compared to DIS, with balanced accuracy ranging from
88.1% (95% CI: [85.4; +91.6]) to 95.7% (95% CI: [93.2; 99.7]) com-
pared to 82.8% for DIS (Supplementary Table 2). Only two models
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Figure 3 Screenshots of the proposed online tool, available https://www.msdiagnostictool.org. On the left (A) lies the form enabling
the user to enter relevant patient-related data and run multiple machine learning models. On the right, the website returns the results
of the inquired models with different outputs: (B) the prediction of the best performing model—determined by performance across

both test sets—alongside a summary of all models, grouped by whether or not they significantly outperformed the baseline (McDonald
dissemination in space (DIS)) in training; (C) a graphical chart displaying the prediction of all models, sorted by their performance on the
two test sets. DIS, dissemination in space; MS, multiple sclerosis.

lost significance after P-value correction for multiple comparisons.
Notably, 12 of the 51 models used only simplified assessments.
Frequency analysis revealed that CVS, PRL, CL and DIS were in-
cluded in 49, 38, 35 and 26 of these models, respectively, with 24
models combining CVS, PRL and CL, and 14 using two or fewer
input variables. Furthermore, 90.7%, 79.2%, 72.9%, and 72.2% of
algorithm-combination pairs, including CVS, PRL, CL and DIS,
respectively, significantly outperformed DIS alone. More particu-
larly, among the models with a single-variable input, the RF classi-
fier using %CVS and the LR using Selecz-3* were the only ones that
showed significantly superior performance to DIS.

Mp,,, was identified as an RF classifier using %CVS, #CL and
#PRL and M;ppifica as 2 LR model using Select-3% CL1 and
PRLI. SHAP-based interpretability plots for these models
(Fig. 4) provide insights into the contribution of individual biomar-
kers to the predictions (Section ‘Online diagnostic tool’). This

analysis highlighted CVS as the most influential variable in both
models (77.7% for Mp,,; and 49.6% for M, ,piifea), aligning with
previous findings.5 Interestingly, and again in line with our previous
observation,” CL and PRL contributed more to the output in
Mimpiifiea compared to M., (29.2% and 21.1% versus 13.3%
and 8.8%, respectively). Step 3 found no statistically significant dif-
ference in balanced accuracy among the top 36 models outperform-
ing DIS (including a RF classifier with the single %CVS covariate as
input), nor did step 4 among all models using only simplified assess-
ments and outperforming DIS. Moreover, M., and Mgmpiifica
showed no statistically significant difference in performance (P&
0.29).

The generalization study results, summarized in Table 2, reveal
that both M., and M;,,pifiea improved all metrics (balanced ac-
curacy, specificity, sensitivity, precision and F1) compared to DIS
in both test sets (2<0.0001). Specifically, on the first test set
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Figure 4 SHapley additive exPlanations (SHAP)-derived summary plots of the best model (Mg.:—A) and the best model using only
simplified assessment (Ms;mpiifiea—B). Mpest is a random forest classifier using %CVS, #CL and #PRL while Mg;piisieq is a logistic regression
model using Select-3*, CL1 and PRL1 as input (cf. section ‘Dataset and Covariates’ for detailed explanation of covariates). The summary
plots show the importance of each feature on the model’s output prediction. CVS, central vein sign; CL, cortical lesion; PRL,

paramagnetic rim lesion .

(Verona), Mp,; and M;ppipiea achieved balanced accuracies of
93.3% and 97.2%, respectively, compared to 83.3% for DIS. On
the second test set (CUSL Prodromal), they achieved 93.9% and
92.6%, respectively, compared to 60.1% for DIS. Notably,
Mgimpiifiea demonstrated the highest performance across all metrics
on Test set 1, while Ap,,, achieved the highest scores on Test set
2. As detailed in Supplementary Table 3, both Mg, and
Msimpiifiea also significantly outperformed all single-variable models
on Test set 2, confirming the added value of combining multiple
expert-assessed biomarkers.

Discussion

This multicentre study aims to integrate advanced MRI biomarkers
into an exclusively MRI-based diagnostic approach through ML.
Specifically, we use a dataset of 204 MS, 118 MS-mimic and 84 pro-
dromal MS cases from six centres across five countries to assess
MLs ability to determine the diagnostic value of different combi-
nations of the CVS, PRL and CL with or without existing MRI
DIS diagnostic criteria. Additionally, we examine the competitive-
ness of more clinically intuitive simplified assessments of the
CVS, PRL and CL against their full-count counterparts and intro-
duce a publicly accessible online tool for interacting with the
trained models (https://www.msdiagnostictool.org, Fig. 5).

In line with recent research,> our results indicate that combin-
ing advanced MRI biomarkers—especially when using simplified
assessments—significantly enhances diagnostic accuracy. Notably,
both Mg, and Mmpifiea (cf. 2.2) used all three biomarkers
(CVS, PRL and CL) without DIS, and achieved average balanced
accuracies on the training set of 95.7% and 94.7% respectively, re-
presenting an improvement of 13% (95% CI [+10.5; +17]) and
+11.4% (95% CI [+7.7; +13.3]) over established DIS criteria.
Based on our frequency analysis and SHAP-derived interpretability
plots, CVS emerges as the most diagnostically powerful biomarker,
with PRL and CL close behind. Combining CVS with PRL and/or
CL further improved differential diagnosis. Interestingly, no signifi-
cant performance difference was observed between A, and
Mimpiifiea- This finding supports the notion that simplified diag-
nostic algorithms carry sufficient discriminative power, reinforcing
the rationale behind their integration in the newly revised

McDonald criteria, ensuring both wide applicability in clinical
practice and high diagnostic accuracy. Model selection and tuning
were conducted using 10-fold cross-validation for each of the input
variable combinations, and comparisons with baseline DIS and be-
tween models used the 5 x 2CV combined F-test. To test generaliz-
ability, we evaluated Mp,y, and M;ppifea on two independent,
out-of-domain, test sets: a first test set from an independent centre
with definite diagnoses according to the 2017 McDonald criteria (as
it was the case for the diagnoses included in the training set), and a
second test set from a centre with prodromal cases dichotomized as
MS/non-MS according to the 2024 McDonald criteria (diagnostic
scenario unseen in the training set). Both models showed outstand-
ing performance on the test sets, considerably improving the speci-
ficity over baseline DIS while maintaining high sensitivity.
Specifically, both models achieved excellent specificity (92.5% and
90.0%) on the second test set, while DIS’s specificity dropped to
34.1%. In line with these findings, additional analyses on the pro-
dromal dataset (Table S3) confirmed that both My, and
Mimpiifiea significantly outperformed all single-variable models, in-
cluding those based solely on CVS, further emphasizing the com-
plementary  value of combining multiple biomarkers.
Additionally, M;pifea showed a performance close to that of
Mp,;; on the second test set, and even outperformed it on the first
one (Table 2). These results highlight the practicality of these time-
saving criteria when combined. Furthermore, results on the second
test set, composed of prodromal MS cases, show the ability of a
non-invasive MRI cross-sectional evaluation to accurately diagnose
MS according to the new 2024 revised McDonald criteria.'* This
suggests that an exclusively imaging-based approach may often re-
present an alternative to more invasive procedures (e.g. lumbar
puncture), in centres where an advanced MRI protocol is available.
Overall, this study showed that ML models can uncover complex
biomarker interactions, yielding more accurate diagnoses than trad-
itional biomarker decision-tree (or ‘if-else’) like approaches, albeit
featuring a slight diminishment in interpretability and applicability.

All 71 ML models implemented in this study are available on a
dedicated website to enable researchers and clinicians to interact
with them (Fig. 5). Indeed, this tool is intended as a consultative
aid for clinicians, facilitating the interpretation of a combined ad-
vanced MRI biomarkers work-up, designed to complement and en-
hance clinical decision-making rather than replace established
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Table 2 Performance of the McDonald dissemination in space (DIS), the best model, and the best model using only
simplified assessment on the two independent test sets; a test set (test set 1) of 37 MS/MS-mimic (19/18) patients and a
second test set (test set 2) of prodromal MS patients (84) with clinically or radiologically isolated syndromes stratified as
MS/Non-MS (43/41) by applying the 2024 revision of McDonald criteria®?

Model
Input variables

(Baseline)
DIS

M Best
%CVS, #PRL, #CL

Msimpiified
Select-3* CL1, PRL1

Balanced accuracy (%) [Cl] Test set 1 83.3[71.9; 94.1]
Test set 2 60.1 [49.9; 69.3]
Sensitivity (%) [Cl] Test set 1 100 [100; 100]
Test set 2 86.0 [73.7; 95.1]
Specificity (%) [Cl] Test set 1 66.7 [43.8; 88.2]
Test set 2 34.1[18.2; 48.6]
Precision (%) [CI] Test set 1 75.0 [57.1; 91.7]
Test set 2 57.8 [44.6; 68.7]
F1 Score (%) [CI] Test set 1 85.7 [72.7; 95.6]
Test set 2 69.2 [57.4; 78.0]

93.3 [83.3; 100]
93.9 [88.1; 98.8]
100 [100;100]

95.2 [88.4; 100]
86.7 [66.7; 100]
92.5 [83.8; 100]
89.5[73.7; 100]
93.0 [84.6; 100]
94.4 [84.8; 100]
94.1 [88.4; 98.8]

97.2 [90.6; 100]
92.6 [86.3; 97.6]
100 [100; 100]

95.2 [87.8; 100]
94.4 [81.2; 100]
90.0 [80.0; 97.7]
94.7 [81.8; 100]
90.9 [81.8; 97.9]
97.3 [90; 100]

93.0 [87.0; 97.9]

Cl, confidence interval; CVS, confidence interval; CL, confidence interval; PRL, paramagnetic rim lesions. Values highlighted in bold represent the highest performance

metric score across all three models on a specific test set.

User input form

A DIS

( Input variable Exgecteh

Igorithm

combination performance| Trained

models pool

&%

&

= True
%CVS = 20%
Select-3* = False
Select-6* =
#CL = Not
CcL1 =
#PRL lot

d
PRL1 e

B [XGB-nust
RS

aal.lvy

Best available model
prediction

K Not MS | v
Score: 12.47%

Filter out unavailable
variable combinations c

Input variable Expected

. Trained
Algorithm combination performance models pool
(filtered)
5. 5
(=T aw)) [EE)

Figure 5 Schematic outline and illustrative example of the proposed online tool. (A) Once on the website, the user fills in a form with
the patient’s available information (biomarker and dissemination in space (DIS) assessments). (B) The trained models pool, where each
model is associated with a specific combination of input variables and an expected performance (cf. Sec. ‘Dataset and covariates’), is
then filtered to retain only those models where all required input variables are provided by the user. (C-D) Next, the model yielding
highest expected performance is selected (C) to be inferred on the provided user input (D). (E) Finally, the best available model’s
prediction is sent back to the user with an associated score and interpretability visuals. Of note, all models’ predictions and
interpretability visuals are also accessible upon user request. Performance is characterized by balanced accuracy. CVS, central vein
sign; CL, cortical lesion; logistic regr., logistic regression; MS, multiple sclerosis; PRL, paramagnetic rim lesion.Select-3/6*: refer to Sec.

‘Dataset and covariates’.

diagnostic criteria. After an inquiry, a user can consult the outputs
of each model that was used. Notably, a series of measures were ta-
ken to improve the interpretability and explainability of the models
(cf. Section ‘Online diagnostic tool’), thereby mitigating the dimin-
ishment in applicability mentioned above. Moreover, because no
input data are stored and only biomarker assessment is needed,
the website fully respects patient data privacy. However, at this
stage, the tool should be regarded as a research instrument, devel-
oped to facilitate reproducibility, external validation and

exploration of advanced MRI biomarkers within a standardized
framework. It is not yet an approved diagnostic device and should
therefore not be used for standalone clinical decision-making. In the
future, upon prospective validation, this approach could be inte-
grated into existing diagnostic workflows as a supportive aid, poten-
tially reducing reliance on more invasive procedures.

A limitation of our study is that dissemination in time (DIT) and
CSF-restricted oligoclonal bands were not considered in the ana-
lysis, although they were included in the ground truth diagnosis.
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This was primarily due to the non-invasive, cross-sectional MRI de-
sign of our study. Notably, the 2024 revision of the McDonald cri-
teria' reduces the emphasis on DIT and lumbar puncture and
favours the assessment of MS-specific advanced MRI biomarkers
(using the simplified methods Select-6* and PRL1) to enhance spe-
cificity and facilitate clinical irnplementzltion.14’18’31 Although the
current limited clinical availability of the optimized MRI sequences
required for CVS, PRL and CL detection hinders the immediate
widespread adoption of our tool, the recent inclusion of these bio-
markers into the newly updated MS diagnostic criteria represent a
strong incentive to incorporate such sequences into standard clinic-
al MRI protocols moving forward. The real-world performance of
our framework could also be influenced by variability in imaging
protocols and the potential for inter-observer differences in identi-
tying CVS, CL and PRL. The use of simplified assessments and the
growing number of proposed methods aiming to automate their as-

sessment (e.g.>> )

are key in this regard, as they would help miti-
gate variability and enhance clinical feasibility. In our study,
however, the final model inputs were the expert-assessed MRI bio-
marker evaluations rather than raw image data, which likely reduced
the impact of inter-scanner variability on model performance. The
relatively small number of patients included represents another
limitation of this study, primarily due to the inclusion criteria re-
quiring a specific advanced MRI protocol (for advanced MRI bio-
marker assessment, cf. Suppl. Sec. 1.1.). While it minimizes bias
from biomarker assessment across different sequences and field
strengths, this convenience sample may not fully represent the
demographic or MRI protocol diversity found in clinical practice.
However, a dataset with such a homogeneous MRI protocol from
six different centres is unprecedented in MS research. Additionally,
the dataset used in this work also include a high number of
MS-mimic inflammatory cases, especially in the test set. These cases
are rarer and challenging to collect and have likely reduced the stat-
istical power of our results, as inflammatory MS-mimics are typic-
ally harder to distinguish from MS compared to other MS-mimic
disorders. Thus, our dataset composition should not affect the
main conclusion of this study. Future research should focus on in-
creasing the sample size and exploring rule-based ML to provide ex-
perts with pragmatic and directly interpretable computer-aided
diagnosis. In combination with recent and emerging automated seg-
mentation methods for CVS, PRL and CL detection,>” the pro-
posed framework could naturally evolve into a fully automated
diagnostic pipeline, enabling rapid, scalable and reproducible assess-
ment. Beyond MRI, optical coherence tomography (OCT) might
also represent a promising complementary non-invasive technique
to refine diagnostic accuracy and may be considered in future multi-
modal frameworks.>”

In conclusion, this study explores through ML the incorporation
of advanced MRI biomarkers combinations into an exclusively
MRI-based framework for the diagnosis of MS. Our findings indi-
cate that ML models combining CVS, CL and PRL show the high-
est MS diagnostic performance and clearly outperform the DIS
MRI criterion for MS diagnosis. Notably, this holds true even
when using exclusively simplified MRI biomarkers assessments,
which demonstrated similar generalization power to out-of-domain
test sets compared to their full-count counterparts. This approach
has the potential to improve MS diagnosis, while reducing the need

M. Wynen et al.

for supplementary invasive exams without compromising clinical
practicality. The study also provides a publicly available online
tool to enable further interaction with the trained ML models, fa-
cilitating further validation (https://www.msdiagnostictool.org).

Supplementary material

Supplementary material is available atBrain Communications
online.
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