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Abstract

Magnetic resonance imaging (MRI)-based prediction of multiple sclerosis (MS) progres-
sion depends on how imaging data are prepared, represented, modelled, and evaluated.
This systematic review synthesized artificial intelligence (AI) methods across the MRI-to-
prediction pipeline. PubMed, Scopus, Web of Science, and Google Scholar were searched
for studies published from 2010 to March 2026. Eligible studies included patients with
MS or clinically isolated syndrome, used brain MRI directly or as the source of predic-
tors, evaluated future progression-related outcomes, and reported quantitative predictive
performance. Thirty-seven studies were included and synthesized narratively because of
methodological and outcome heterogeneity. Prediction targets included CIS-to-MS/CDMS
conversion, future MRI disease activity, PIRA /PIRMA, disability worsening or confirmed
progression, future EDSS or disability status, and RRMS-to-SPMS conversion. Lesion
morphology and location, radiomics, tissue atrophy, longitudinal imaging changes, and
multimodal variables provided useful prognostic information. Classical machine learning
(ML) remained effective for structured biomarkers, while deep learning (DL) enabled
direct image-based modelling; neither approach was uniformly superior. PROBAST + Al
assessment rated model Development as High concern in 35 of 37 studies and Unclear in
two, Evaluation as High risk of bias in all 37 studies, and Applicability as Low concern
in 32, Unclear in two, and High in three. Overall, MRI-based Al shows promising prog-
nostic potential, while stronger data separation, calibration, transparent reporting, and
independent validation are needed to support reproducible clinical translation.

Keywords: multiple sclerosis; magnetic resonance imaging; machine learning; deep
learning; lesion segmentation; radiomics; progression prediction
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1. Introduction

Multiple sclerosis is a chronic immune-mediated disorder of the central nervous sys-
tem characterized by demyelination and neuroaxonal injury, leading to heterogeneous
neurological deficits and long-term disability [1,2]. Prognosis is difficult at the individ-
ual level because disease trajectories vary widely across phenotypes and over time, yet
early identification of patients at higher risk of progression is important for treatment
optimization and monitoring strategies [2]. MS is commonly described across clinical
phenotypes including clinically isolated syndrome (CIS), relapsing remitting MS (RRMS),
secondary progressive MS (SPMS), and primary progressive MS (PPMS), with RRMS rep-
resenting most initial presentations and many patients transitioning to SPMS over the
disease course [3,4]. Beyond physical disability, MS may also involve cognitive impair-
ment, although the present review focuses primarily on MRI-based prediction of disease
conversion, disability progression, relapse-independent progression, and future lesion
activity [5].

MRI is central to MS diagnosis and longitudinal monitoring because it sensitively
detects focal inflammatory lesions and supports evidence of dissemination in space and
time [6]. Conventional sequences such as T2-W and FLAIR identify white matter (WM)
hyperintensities that form the radiological foundation of MS assessment, and lesion burden
and lesion distribution are associated with future outcomes [6,7]. However, conventional
lesion measures correlate only moderately with clinical disability, often described as the
clinico-radiological paradox, highlighting that lesion count/volume alone cannot fully ex-
plain progression and disability accumulation [8]. Recent MS imaging syntheses emphasize
that MRI prognostication increasingly depends on extracting richer quantitative informa-
tion from lesions and normal-appearing tissue, while also requiring careful standardization
to support reliable interpretation across scanners and centers [9].

As MRI datasets become larger and more complex, Al methods are increasingly used
to convert raw images into quantitative markers and predictions. Rather than being applied
only at the end of analysis, Al can contribute at several stages of the MRI workflow. For
example, deep learning has shown that lesion activity, such as enhancing lesions, can be
predicted from non-contrast MRI in clinically relevant MS applications [10]. ML methods
can operate on structured radiomic descriptors extracted from multi sequence MRI to
classify MS lesion activity [11]. These developments motivate a review structure that
follows the MRI analysis pipeline itself. Choices made early in the workflow, such as
preprocessing, harmonization, segmentation and feature representation, directly influence
what downstream predictive models can learn and how well they generalize.

A key practical challenge is that MRI derived biomarkers and AI models are highly
sensitive to variability in acquisition and analysis, and multi-center studies face differences
in scanners, vendors, protocols and longitudinal scanner changes that can introduce non bi-
ological variability and lead to inconsistent biomarker estimates and spurious associations
with clinical outcomes if not addressed [12]. Consensus efforts in the MS imaging commu-
nity therefore emphasize that harmonized acquisition and standardized post processing
are essential prerequisites for using quantitative MRI biomarkers, and any Al models built
on them, as clinically credible tools [12]. At the quantitative analysis stage, DL-based
automated MS lesion segmentation offers a scalable alternative to manual delineation;
however, segmentation accuracy and robustness to domain shift remain critical factors
governing the reliability of derived quantitative imaging biomarkers [13]. Beyond lesion
volume, richer feature representations such as lesion geometry, spatial distribution, and
radiomics/texture features are designed to capture subtle, disease relevant microstructural
patterns that are not discernible through routine MRI reading, and recent multicenter
evidence indicates that FLAIR-based radiomics can contribute to predicting disability
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worsening in MS, particularly when variability in image quality and spatial resolution is
carefully addressed [14]. Together, these findings support the idea that the type of MRI-
derived representation (e.g., voxel-level images, masks, engineered radiomics, longitudinal
change maps) strongly influences the modelling strategy that is feasible and the prediction
task that can be addressed.

Several reviews have already summarized the application of ML and DL methods in
MS. These include reviews that organize studies according to broad clinical application
domains, such as diagnosis, disease progression, and treatment response [15], reviews
that categorize MRI-based prognostic modelling according to specific outcome measures,
including conversion from CIS, Expanded Disability Status Scale (EDSS)-related disability,
cognitive outcomes, motor impairment, and disease activity [16], and reviews that focus
specifically on DL approaches for automated MS lesion segmentation [13].

While these reviews provide valuable overviews of the field, models are typically
grouped according to task category or algorithmic approach, which can obscure how in-
dividual methodological choices relate to one another across the modelling process. In
practice, successful clinical translation depends on the coherence of the entire method-
ological workflow, encompassing MRI acquisition and standardization, preprocessing
and harmonization, biomarker extraction and representation, predictive modelling, and
rigorous evaluation and validation. Explicit consideration of this end-to-end process is
therefore essential for understanding the strengths, limitations, and translational potential
of ML-based approaches in MS.

Accordingly, this review contributes a pipeline-oriented synthesis of AI methods
across the MRI-to-prediction workflow for MS progression. We structure the literature
according to the functional role of Al within the workflow: (i) MRI data preparation
and preprocessing (including harmonization and quality control), (ii) imaging biomarker
extraction and representation (lesion/tissue quantification, spatial and morphological
characterization, radiomics, representation learning), and (iii) modelling strategies that
map these MRI-derived representations to clinically meaningful progression endpoints.

This review examines progression-related prediction in four clinically relevant settings:
conversion from CIS to MS or clinically definite MS (CDMS), transition from RRMS to SPMS,
relapse-independent disability progression including PIRA-related outcomes, and future in-
flammatory activity indicated by new or enlarging lesions on follow-up MRL These settings
represent different stages and manifestations of disease evolution. They have important
implications for prognosis, treatment planning, and long-term monitoring. Prediction
of CIS conversion focuses on identifying individuals who are likely to develop clinically
established MS at an early stage. Disability progression and PIRA-related outcomes reflect
the accumulation of neurological impairment over time. New or enlarging lesions serve
as MRI markers of ongoing inflammatory activity. The transition from RRMS to SPMS
was also considered because it represents a clinically important milestone in disease pro-
gression. However, direct Al-based prediction of this transition was rarely investigated in
the eligible studies, highlighting an important gap in the current literature. By comparing
Al approaches across these progression settings, this review evaluates the potential of
MRI-derived information to support risk stratification and to guide more individualized
monitoring and management strategies. By linking MRI-derived feature representations
with modelling strategies and prediction tasks, this pipeline-based framework helps iden-
tify which model types are commonly used for specific outcomes, where limitations in
generalizability arise, and which stages of the workflow may constrain clinical translation.
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2. Materials and Methods
2.1. Reporting Guideline and Literature Search

This systematic review was conducted and reported in accordance with the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 statement [17].
The review was not prospectively registered, and no separate review protocol was prepared.

A structured literature search was conducted in PubMed, Scopus, Web of Science, and
Google Scholar to identify studies applying Al, ML, or DL to brain MRI for the prediction of
MS progression-related outcomes. The search covered publications from 2010 to March 2026.
Search terms represented four main concepts: (i) MS and CIS; (ii) MRI and related imaging
modalities; (iii) AI, ML, DL, neural networks, and radiomics; and (iv) progression-related
outcomes, including conversion, disability progression, EDSS, progression independent of
relapse activity (PIRA), disease activity, and new or enlarging lesions.

Search syntax was adapted to the requirements of each database. The PubMed strategy
used Medical Subject Headings (MeSH) and title/abstract terms, while Scopus and Web of
Science used database-specific field searching and Boolean operators. Google Scholar was
used as an additional search source using the terms MS progression prediction + Al + DL +
ML methods. The complete search strings, search limits, dates of searching, and numbers
of records retrieved from each source are provided in Supplementary Table S1.

Previously published reviews on Al, MRI, and MS progression were consulted for
background and contextual discussion only and were not used as an additional source
for study identification or inclusion. All studies considered for inclusion were identi-
fied through the four documented database searches (PubMed, Scopus, Web of Science,
and Google Scholar), and no records were added through citation searching, websites,
organizations, or other review-based searching.

2.2. Eligibility Criteria

Studies were eligible if they: (i) included human participants with MS or CIS; (ii)
performed patient-level prediction of a future MS-related outcome; (iii) used brain MRI
directly as model input or as the source of predictors in an evaluated prediction model;
(iv) applied AI, ML, or DL either for outcome prediction or for generating MRI-derived
predictors used in an evaluated multivariable prediction model; (v) used MRI alone or
combined with clinical, demographic, treatment, cerebrospinal fluid, electrophysiological,
laboratory, or other variables; (vi) ensured the predictor-assessment period preceded
the outcome-prediction period; and (vii) reported quantitative predictive performance
measures, such as AUC/AUROC, C-index, accuracy, sensitivity, specificity, precision, F1
score, Brier score, MAE, or RMSE.

Prediction was not limited to baseline data. Longitudinal predictors were eligible if
all predictor information was available before the start of the outcome-prediction period.
Studies were excluded if predictor information was obtained during or after outcome
assessment, or if the same follow-up MRI was used both as a model input and to define the
outcome at that time.

Eligible outcomes included conversion from CIS to MS or CDMS; future physical
disability status, worsening, or confirmed progression; PIRA, progression independent of
relapse and MRI activity (PIRMA), or related relapse-independent progression outcomes;
future patient-level radiological activity, including occurrence, count, or burden of new or
enlarging T2 lesions or gadolinium-enhancing lesions; and transition from RRMS to SPMS.

Formal diagnostic or disability composite outcomes were eligible if they represented
a prespecified progression endpoint or if all components fell within eligible outcome
categories. Generic disease-activity composites combining heterogeneous clinical and
radiological events were excluded when an ineligible component could independently
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determine the outcome and eligible components were not separately extractable. Relapse
alone, cognitive decline alone, and treatment response alone were ineligible unless a
separately extractable eligible progression-related outcome was also reported.

Studies limited to cross-sectional diagnosis, disease-subtype classification, current-status
classification, association analysis without prediction, or lesion detection/segmentation with-
out future patient-level prediction were excluded. Voxel-, lesion-, or region-level prediction
without a patient-level outcome was also excluded. MRI used only for participant selection,
outcome definition, preprocessing, segmentation, or descriptive analysis was insufficient
unless the resulting MRI-derived information was included in an eligible future-outcome
prediction model.

Eligible publications were full-length original research articles published in English as
peer-reviewed journal papers or full conference/workshop proceedings papers between
January 2010 and March 2026. Reviews, meta-analyses, editorials, commentaries, protocols,
letters lacking complete original-study information, case reports or case series, animal
studies, non-original book chapters, and conference abstracts or posters without a full
report were excluded. Full original research papers published as chapters in peer-reviewed
conference proceedings volumes were eligible.

2.3. Study Selection

All retrieved records were imported into Rayyan, which was used for duplicate
management and screening. A total of 1532 records were identified: 326 from PubMed, 665
from Scopus, 520 from Web of Science, and 21 from Google Scholar. After removal of 662
duplicate records, 870 records remained for title and abstract screening.

Title/abstract screening and full-text eligibility assessment were initially performed
by the first author (U.V.) using the predefined eligibility criteria. No automated tool was
used to make study-eligibility decisions. The final set of included studies and the full-
text exclusion decisions were independently verified by a second author (A.W.). Any
uncertainties identified during verification were discussed and resolved by consensus.

Following title and abstract screening, 805 records were excluded, and 65 reports were
sought for full-text retrieval. Two reports could not be retrieved, leaving 63 reports for
full-text eligibility assessment. Twenty-six reports were excluded after full-text assessment,
resulting in 37 studies included in the systematic review. The study-selection process and
full-text exclusion categories are presented in the PRISMA 2020 flow diagram Figure 1.

All studies included in the final review were represented in the documented database-
search records and corresponding PRISMA flow diagram; no included studies were intro-
duced from a separate or parallel review.

2.4. Data Extraction

Data were extracted using a predefined structured framework. For each eligible
study, the following information was recorded: author and reference; cohort, study de-
sign, follow-up and DMT exposure; prediction outcome, definition and horizon; input
data; MRI preprocessing and segmentation; feature extraction and quantification; data
processing and validation; model or architecture; performance metrics; and key MRI pre-
dictors/contribution. MRI variables were distinguished as quantitative or image-derived
features and categorical radiological variables, and whether MRI variables were retained
in the final prediction model was recorded where reported. Information was extracted as
reported in the original publications. Where information was unavailable, it was recorded
as “not reported” or “unclear” rather than inferred. Initial data extraction was performed
by the first author (U.V.). The principal data extracted for the final 37 included studies were
independently verified by a second author (A.W.).
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Figure 1. PRISMA 2020 flow diagram of database searching and study selection.

2.5. Methodological Quality, Risk of Bias, and Applicability Assessment

Methodological quality, risk of bias, and applicability were assessed using PROBAST
+ Al and its accompanying Explanation and Elaboration guidance [18]. For each study,
relevant information on participants, predictors, outcome, sample size, missing data, class
imbalance, feature selection, model development, validation, and performance reporting
were extracted from the article and available Supplementary Material and assessed against
the PROBAST + Al signaling questions.

PROBAST + Al assesses model Development quality (Dev) and model Evaluation risk
of bias (Eval) separately across four domains: participants and data sources (D1), predictors
(D2), outcome (D3), and analysis (D4). Development focuses on how appropriately the
model was constructed, including sample size, predictor handling, missing data, class
imbalance, and overfitting control. Evaluation focuses on how reliably performance was
assessed, including evaluation sample size, data leakage, resampling procedures, and
performance assessment. Applicability (App) was assessed separately for D1-D3 according
to the match between the study and the review question.

Signaling questions were rated as Yes, Probably Yes, Probably No, No, No Informa-
tion, or Not Applicable, and overall judgements as Low, Unclear, or High. Unreported
information was not inferred. Materially different models, outcomes, prediction horizons,
redevelopment procedures, or validation stages were assessed separately where required.
Detailed PROBAST + Al assessments were conducted for the included studies and distinct
model or evaluation stages, together with a study-level summary of overall judgements by
MS progression-prediction outcome category.
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2.6. Data Synthesis

Given the heterogeneity in MS phenotype, cohort characteristics, progression out-
comes, MRI inputs, prediction horizons, feature representations, modelling approaches,
and validation strategies, the findings were synthesized narratively and in structured tables
rather than by meta-analysis. Studies were compared across the MRI analysis pipeline,
including image preparation and preprocessing, biomarker extraction and representation,
predictive modelling, and evaluation, with emphasis on the relationships among MRI-
derived information, model design, progression outcome, and validation strategy. For
consistency, AUC/AUROC values reported as percentages were converted to the 0-1 scale.

3. AI Methods for MRI Data Preparation and Preprocessing

MRI-based Al studies in MS increasingly rely on multicenter and longitudinal datasets,
but scanner- and site-related differences introduce substantial non-biological variability.
Variations in vendor, field strength, pulse sequence, software version, and acquisition
protocol can reduce model robustness and obscure true disease-related signals when data
are pooled without harmonization. For this reason, harmonization and quality-controlled
preprocessing are now recognized as essential prerequisites for reliable quantitative MRI
biomarkers in multicenter MS research [12].

3.1. Image Denoising and Artifact Correction

Brain MRI images are commonly affected by noise and motion artifacts that can
reduce the quality of downstream analyses [19]. In MS MRI, typical artifacts include
motion artifacts [20,21], susceptibility distortions [22], gradient nonlinearity [23], and radio-
frequency inhomogeneities [24]. Each of these artifacts can significantly impact downstream
analyses [19]. DL methods have shown strong performance in addressing both noise and
motion artifacts, often outperforming classical filtering approaches by learning to separate
signal from noise in a brain anatomy-aware manner [25].

For denoising, Kidoh et al. tested a DL-based reconstruction (dDLR) approach for
brain MRI and reported statistically higher PSNR and SSIM than comparator convolu-
tional neural networks (CNN) denoisers in experiments, along with improved qualita-
tive assessments; in a volunteer study across multiple sequences (including FLAIR and
MPRAGE), dDLR-processed lower-averaging acquisitions (NAQ?2) achieved significantly
better SSIM/PSNR than unprocessed NAQ?2 and was qualitatively comparable to or better
than higher-averaging acquisitions (NAQ5) for most criteria. This supports the idea that Al
denoising can be used upstream to improve the quality of inputs that feed segmentation
and feature extraction [26].

For motion artifacts, Pawar et al. evaluated a DL motion-correction method on
clinical T1-W MPRAGE images identified as motion degraded, reporting reductions in
ghosting /ringing /blurring and significant improvements in visual grading scores across
multiple neuroanatomical regions; they also reported that a portion of repeated scans could
be avoided, indicating operational relevance for clinical-scale datasets [27]. The proposed
two stage multi loss MC Net combines novel hybrid L1 loss in the first stage to suppress
global artifacts with a Total Variation (TV) term in the second stage to refine boundaries,
delivering higher peak signal to noise ratio (PSNR)/structural similarity index measure
(SSIM) than single stage L1 or L1 + TV models while preserving image context [28]. Finally,
a multiscale fully convolutional network estimates motion artifacts from large amounts of
simulated motion corrupted data, subtracts the artifact only estimate from the input, and
produces corrected images with significantly reduced artifacts [29].

For ringing artifacts, Zhang et al. developed a CNN approach to reduce Gibbs-ringing
artifacts; they reported that their method removed ringing without noticeable smoothing
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and improved quantitative similarity to fully sampled references (e.g., root-mean-square
error (RMSE)/PSNR/SSIM) relative to existing methods, illustrating how Al can correct a
concrete reconstruction-related artifact before downstream analysis [30].

3.2. Bias Field Correction and Intensity Normalization

Bias field (intensity inhomogeneity) and inconsistent intensity scaling are long-
recognized challenges in MRI because raw MR intensities are not standardized physical
units, and they can vary across acquisitions even for the same tissue class [31]. These issues
matter directly for ML/DL because many segmentation and feature extraction methods
depend on intensity distributions and tissue contrast.

For bias field correction, the widely used N4ITK method is an extension/improvement
of the classical normalization (N3) algorithm and introduces algorithmic modifications
(including B-spline fitting / optimization changes) to improve bias field correction perfor-
mance. N4 remains a common upstream step in contemporary MRI pipelines (including
neuroimaging and MS contexts) because it reduces non-biological intensity nonuniformity
that otherwise confounds tissue/lesion separation [32].

For intensity normalization, Shinohara et al. show that conventional MRI is measured
in arbitrary units that are not comparable across subjects or visits, introduce formal “statis-
tical principles of image normalization” (SPIN), and propose tissue-based “white stripe”
methods that match the mean and variance of normal appearing white matter (NAWM)
across scans. Across thousands of ADNI, AIBL, and MS scans, principled normalization
greatly reduces between scan tissue intensity variability and prevents spurious grey matter
(GM) loss from naive histogram matching, making robust normalization essential in large
multi-site studies [31].

Critically for MS-specific longitudinal workflows, Roy et al. propose a 4D longitudinal
intensity normalization method “in the presence of MS lesions,” explicitly aiming to yield
“stable and consistent longitudinal segmentations” and positioning the method as a prepro-
cessing step usable with any segmentation method; they model intensity variability linked
to lesion dynamics while keeping lesion information unaffected. This paper provides direct
justification for putting intensity normalization explicitly in the preprocessing stage of MS
MRI pipelines rather than treating it as an incidental detail [33].

Finally, more general tissue-based standardization approaches, as highlighted by
De Nunzio et al., emphasize that the lack of fixed tissue-specific intensity affects post-
processing tasks such as automatic segmentation and classification, reinforcing the auto-
matic link between normalization choices and downstream ML /DL stability [34].

3.3. MRI Harmonization Across Scanners and Sites

A central preprocessing challenge in MS is harmonizing MRI acquisition, analysis,
and storage across sites. A harmonization-focused MS review from the MAGNIMS Study
Group explicitly motivates harmonization because cooperative, large-scale datasets are
needed to develop diagnostic and prognostic biomarkers, yet differences in acquisition
parameters, image analysis, and data storage across sites can introduce bias and represent
a substantial constraint; the review surveys state-of-the-art harmonization developments
and provides recommendations [12].

This problem is not theoretical: harmonization studies show that scanner effects can
be large enough to hinder inference and even generate spurious findings. ComBat-based
methods model additive and multiplicative scanner effects and, in both cross-sectional and
longitudinal extensions, have been shown to remove unwanted site variability, increase
power to detect biological effects, and improve type I error control compared with un-
harmonized data or simple scanner covariate adjustment [35,36]. In line with this, recent
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MS progression work has extracted radiomics features from WML and NAWM using
PyRadiomics, harmonized them with Longitudinal ComBat, and then applied recursive
feature elimination before training ML models to predict EDSS worsening from multi-center
FLAIR MR, further illustrating that harmonization of derived MRI biomarkers is becoming
standard practice prior to modelling in longitudinal multi scanner MS studies [14].

Deep learning can also be used for image-level or contrast-level harmonization. Dewey
et al. propose DeepHarmony, a U-Net-based approach trained with a small overlap cohort
scanned with two protocols; they report improved consistency of volume quantification
across scanning protocols and show in an MS longitudinal dataset that atrophy calcula-
tions were substantially affected by protocol change, with those differences substantially
reduced after DeepHarmony-based harmonization. This directly supports the pipeline
claim that harmonization affects the reliability of derived quantitative biomarkers (atro-
phy/volumetrics) in MS [37].

3.4. Image Registration and Spatial Alignment

Registration and spatial alignment are essential in MS MRI pipelines because (i) multi-
sequence analysis requires co-registration across contrasts, and (ii) longitudinal progression
endpoints (new/enlarging lesions, atrophy trajectories, change maps) rely on consistent
within-subject spatial correspondence across time [38].

Classical registration frameworks such as ANTs model spatial alignment as an opti-
mization over a transformation (rigid, affine, elastic, or diffeomorphic) and a similarity
metric (e.g., mean squared difference, cross correlation, mutual information), often within a
multi resolution scheme. Symmetric Normalization (SyN) in ANTs estimates diffeomorphic
mappings between images by integrating a regularized velocity field in a symmetric fash-
ion, and underpins groupwise template building (SyGN) and downstream tasks such as
atlas-based labelling and cortical thickness analysis [39]. In many recent MS DL prognostic
studies, however, registration is implemented using conventional affine normalization to
standard templates (e.g., FLIRT to MNI 152) primarily to ensure comparable anatomical
locations and voxel wise correspondence across patients and scanners, rather than as a
methodological focus in itself [40].

Balakrishnan et al. introduce VoxelMorph, a CNN-based framework for deformable
registration, reporting that the unsupervised model’s accuracy is comparable to state-of-the-
art methods while operating orders of magnitude faster, and that auxiliary segmentation
information can further improve registration performance [41]. This complements the more
traditional affine normalization used in MS progression-prediction pipelines, where PD /T2,
T1 and lesion masks are skull-stripped, intensity-normalized and then affinely registered
to a common or MNI152 space before being passed to CNNs for disease-worsening or
conversion prediction [42].

An MS-specific longitudinal lesion-change pipeline illustrates the role of alignment
and related preprocessing. In a fully automatic method for segmenting changes in FLAIR-
hyperintense WML on serial MS MRI, the authors describe preprocessing steps including
intrasubject registration and bias field correction/intensity scaling prior to voxel-level
analysis of intensity changes in lesions and NAWM-based statistical testing. This provides
direct evidence that longitudinal MS endpoints require explicit alignment as a preprocessing
stage [38].

3.5. Al-Assisted Quality Control

Quality control (QC) is an important preliminary step in MRI analysis because low-
quality scans can bias subsequent processing and analysis. Esteban et al. addressed this
problem with MRI Quality Control tool (MRIQC), which extracts image quality metrics,
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generates visual reports, and applies a binary accept/exclude classifier to support more
objective and scalable QC. However, although MRIQC achieved about 76% accuracy on
unseen-site data, its performance remained affected by site effects, showing that generaliza-
tion across acquisition centers is still challenging [43]. Samani et al. extended this direction
in diffusion MRI through QC-Automator, a CNN-based transfer-learning framework that
detects specific artifacts such as motion, multiband interleaving, ghosting, susceptibility,
herringbone, and chemical shift [44]. Together, these studies show that Al-assisted QC can
reduce reliance on manual inspection, but robust cross-site and cross-protocol performance
remains a key requirement for reliable downstream neuroimaging analysis.

3.6. Domain Adaptation and Harmonization Networks for Cross-Site Variability

Cross-site variability is a major challenge in MS lesion segmentation because differ-
ences across scanners, sites, and imaging protocols can reduce model generalization to new
domains. Ackaouy et al. addressed this through Seg-JDOT, an unsupervised domain adap-
tation framework based on optimal transport that aligns source and target representations
without requiring manual target-domain annotations. They also showed that domain shift
persists even after image standardization, suggesting that preprocessing alone cannot fully
remove cross-site bias [45]. Consistent with this, Zeng et al. noted that current MS lesion
adaptation methods mainly rely on feature adaptation and suggested that future work
should combine both image-level and feature-level adaptation [13]. Therefore, domain
adaptation and harmonization-oriented networks are likely to be important for building
MS imaging models that remain reliable across centers.

4. Al Methods for Imaging Biomarker Extraction

Imaging biomarker extraction transforms pre-processed MRI into quantitative features
for prediction. This includes automated lesion/tissue segmentation to compute lesion
volumes and brain atrophy; characterization of lesion morphology and spatial distribution;
high-dimensional radiomic/texture descriptors; and temporal change maps from longitu-
dinal scans. Classical pipelines (e.g., FreeSurfer/SPM tissue segmentation, LST/BIANCA
lesion segmentation) and DL models (U-Net, nnU-Net) have been used. Each method
has limitations (e.g., segmentation errors for small/unclear lesions, variability across scan-
ners). Radiomics features capture sub-resolution patterns but require standardized inputs.
Learned representations (deep features) promise richer biomarkers but also demand large
data or pretraining. In all cases, consistent extraction under domain shift is a key challenge.

4.1. Lesion Detection and Segmentation

Automated lesion segmentation tools differ in both their input requirements and their
underlying modelling strategies, and several automatic MRI-based methods have been
developed to address these challenges. A comparison of commonly used segmentation
methods, their required inputs, preprocessing steps, and extracted outputs is provided in
Table 1. MSmetrix is a fully automated unsupervised method that uses 3D T1-W and FLAIR
MRI in a probabilistic framework to detect WM lesions as an outlier to normal brain while
simultaneously segmenting GM, WM, and CSF, and it does not require training data [46].
Lesion-TOADS is a fully automatic atlas-based method that uses multichannel MRI to-
gether with topological and statistical atlases to delineate MS lesions while segmenting
the brain into its major structures [47]. BLANCA is a fully automated supervised method
based on the k-nearest neighbor (k-NN) algorithm; it is described as multimodal and allows
incorporation of spatial information and local spatial intensity averaging [48]. BLANCA-MS
was developed from the original BIANCA specifically for MS lesion segmentation and
introduced two key modifications: a harmonized setting tested across different MRI proto-
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cols and a cleaning step intended to improve consistency between automated and manual
segmentations [49]. The authors further reported that BLANCA-MS outperformed other
available tools and showed comparable performance across different scanning protocols,
modality sets, and image resolutions, supporting its use under heterogeneous imaging
conditions [49].

The Lesion Segmentation Tool (LST) for SPM provides two lesion-segmentation al-
gorithms: the lesion growth algorithm (LGA), which requires T1 plus FLAIR, and the
lesion prediction algorithm (LPA), which requires FLAIR only; the toolbox also includes a
longitudinal pipeline [50]. More recent DL methods include LST-AI, which is presented
as an advanced DL-based extension of LST built as an ensemble of three 3D U-Nets [51].
Another CNN-based method is nicMSlesions, which is based on a cascade of two 3D patch-
wise CNN, where the first network is designed to be more sensitive to candidate lesion
voxels and the second to reduce false positives from the first stage [52]. Automated MS
lesion-segmentation methods therefore encompass probabilistic, atlas-based, k-NN-based,
and CNN-based approaches. However, robustness across heterogeneous imaging protocols
remains an important requirement for broader clinical application.

4.2. Tissue Segmentation and Structural Quantification

Structural quantification in progression-focused MS studies has been performed using
automated morphometric tools; for example, regional cortical and deep GM atrophy in
CIS was assessed using FreeSurfer to derive progression-relevant tissue measures [53].
Beyond lesion masks, tissue segmentation and structural quantification provide volumetric
markers of diffuse neurodegeneration that complement focal lesion-based assessment in
MS progression research [54]. In CIS, selective GM atrophy has shown prognostic value,
with atrophy of the superior frontal gyrus, thalamus, and cerebellum identified as indepen-
dent predictors of conversion to MS [53]. Early longitudinal CIS work further showed that
global brain volume loss and GM volume loss occur within the first year, and that brain
volume loss predicted conversion to MS [55]. In RRMS, tissue-compartment measures
also retain prognostic relevance, as the GM:NAWM ratio at diagnosis has been reported
to predict both disability progression and conversion to SPMS [56]. At a regional level,
deep GM degeneration, particularly thalamic atrophy, appears especially informative, with
multicenter evidence showing that deep GM volume loss drives disability worsening, while
both baseline thalamic atrophy and more recent Al-measured thalamic atrophy have been
associated with later disability progression [57-59]. Together, tissue segmentation and
structural quantification enable objective assessment of global and regional neurodegener-
ation, particularly GM and deep-GM damage, and provide complementary information
beyond conventional lesion-based measures.

4.3. Spatial and Morphological Lesion Characterization

Several studies have shown that automated structural characterization of lesions pro-
vides prognostic information beyond lesion count alone. In CIS, shape-based features
extracted from automated lesion masks were used to quantify lesion morphology, and
important predictors included mean lesion volume, minimum sphericity, and minimum
surface-volume-ratio, with converters showing larger and less round lesions than non-
converters [60]. Beyond simple geometric descriptors, lesion geometry has also been
incorporated into Support Vector Machine (SVM)-based prediction models for conversion
from CIS to CDMS, supporting the value of structural lesion characterization in early
prognostic modelling [61]. Spatial lesion distribution has also shown predictive relevance.
In a recent explainable ML study, periventricular and infratentorial lesion locations were
identified among the significant imaging variables associated with CIS-to-CDMS conver-
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sion [62]. These findings indicate that lesion geometry and spatial distribution provide
prognostic information beyond conventional measures of lesion burden alone. Represen-
tative FLAIR MRI and lesion-mask visualizations illustrating lesion segmentation and
spatial characterization are shown in Figure 2. The examples demonstrate how visible
white-matter lesions can be represented as segmentation masks and further characterized
according to their anatomical distribution, including periventricular, cortex-contacting, and

infratentorial locations.

MS FLAIR MRI with C White-matter lesion

Healthy/control FLAIR MRI visible white-matter lesions segmentation mask

D Periventricular
(ventricle-contacting)
lesion mask

E Cortex-contacting F Infratentorial G Combined spatial
lesion mask lesion mask lesion-distribution map

Figure 2. Representative FLAIR MRI and lesion-mask visualizations illustrating MS lesion segmenta-
tion and spatial characterization. (A) Healthy/control FLAIR MRI; (B) MS FLAIR MRI showing visible
white-matter lesions; (C) green indicates the white-matter lesion segmentation mask; (D) magenta in-
dicates the periventricular (ventricle-contacting) lesion mask; (E) blue indicates the cortex-contacting
lesion mask; (F) light pink indicates the infratentorial lesion mask; and (G) shows the combined
spatial lesion-distribution map. These examples illustrate how conventional MRI appearance can
be converted into lesion masks and spatially characterized lesion representations for subsequent
quantitative imaging analysis and progression modelling. The representative MRI data were obtained
from the access-controlled “MRI dataset for susceptibility-based radiomic feature extraction in healthy
controls and patients with multiple sclerosis” hosted on Zenodo [63]. The lesion-mask visualizations
were generated by the authors from the MRI data.

4.4. Radiomics and Feature Engineering

Radiomics and feature engineering aim to extract large numbers of quantitative fea-
tures from medical images to characterize image phenotypes beyond visual inspection. In
the radiomics workflow described by Lambin et al., the process begins with high-quality
standardized imaging, followed by definition of the region of interest through automated
segmentation or expert delineation, after which quantitative imaging features are extracted
from the defined region. These features include descriptors of shape and texture [64]. In ML-
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based MS progression prediction, radiomics and feature engineering transform MRI data
into explicit handcrafted predictors, whereas DL approaches derive feature representations
implicitly within the network architecture.

The extracted features are generally grouped into several major classes. First-order
features describe the distribution of voxel intensities within the segmented region. Shape
features quantify geometric properties such as size, compactness, elongation, and surface
characteristics, and are derived from the segmentation mask rather than from grey-level
values. Texture features describe spatial relationships and heterogeneity patterns using
matrices such as the grey-level co-occurrence matrix (GLCM), grey-level run length matrix
(GLRLM), grey-level size zone matrix (GLSZM), neighboring grey tone difference matrix
(NGTDM), and grey-level dependence matrix (GLDM) [65].

Radiomics studies often generate very large numbers of features, making feature
engineering necessary to improve robustness and reduce redundancy. This process com-
monly includes reproducibility filtering, correlation reduction, and selection of the most
informative features before model building. To promote consistency across studies, the
Image Biomarker Standardization Initiative (IBSI) established standardized definitions,
benchmark values, and reporting guidance for radiomic features and radiomics work-
flows [66].

Reporting of radiomics standardization was heterogeneous across the included studies.
Khan et al. reported the use of PyRadiomics 2.20 and stated that image discretization was
aligned with IBSI recommendations [14]. In contrast, other studies described reproducibil-
ity or standardization procedures without explicitly reporting IBSI compliance. Peng et al.
and Shi et al. assessed feature reproducibility using intraclass correlation coefficients [67,68],
while Elhaie et al. reported the PyRadiomics extension in 3D Slicer together with standard-
ized resampling and fixed-bin-width discretization [69]. However, explicit verification of
extracted features against IBSI reference values was not consistently reported. This varia-
tion limits direct comparison of radiomic features across studies and reinforces the need for
more complete reporting of feature-extraction settings and standardization procedures.

Radiomic and engineered features therefore provide quantitative representations
of image intensity, morphology, and heterogeneity beyond conventional lesion burden;
however, their reproducibility and cross-study comparability depend on standardized
extraction and transparent reporting.

4.5. Representation Learning from MRI

In DL approaches, baseline MRI scans are used directly as model inputs, and prog-
nostic imaging biomarkers are computationally derived as latent feature representations
within the network instead of being manually specified as handcrafted features. Tousignant
et al. used multimodal MRI volumes in an end-to-end 3D CNN framework for future
disability progression prediction [70], while Storelli et al. showed that baseline T1-W and
T2-W MRI can support prediction of clinical and cognitive worsening without explicit
handcrafted feature extraction [40]. Taloni et al. further showed that ResNet50-based
analysis of 3D T1-W MRI identified informative frontal GM regions [71], and Coll et al.
extended this paradigm to survival modelling of PIRA using EfficientNet-derived features
from routine MRI at the first demyelinating event [72]. Accordingly, these approaches
derive progression-relevant imaging representations directly from MRI rather than relying
on predefined handcrafted biomarkers.
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Table 1. Comparison of automatic MRI lesion segmentation algorithms for multiple sclerosis, includ-
ing required inputs, preprocessing workflows, and extracted lesion-related outputs.

Method

Required Inputs

Preprocessing

Final Data Extraction

Lesion-TOADS [47]

MPRAGE images
T2-FLAIR images

Skull and extracranial tissues are
removed prior to segmentation
using the MPRAGE scan.

Outputs: volumes of T2-FLAIR

-hyperintense WM lesions, sulcal
CSF, ventricular CSF, cortical GM,

total cerebral WM (including

lesions), cerebellar GM, cerebellar
WM, putamen, caudate, thalamus,

and brainstem

MSmetrix [46]

3D T1-w images
3D T2-FLAIR images

The input T2-FLAIR image is
rigidly co-registered with the
input T1-w image.

The T1-W input image is skull
striped.

The probabilistic anatomical
priors for GM, WM and CSF are
transferred to the skull-stripped
T1-W space.

WM

GM

CSFE
WM lesions

LST—Lesion Growth
Algorithm (LGA) [50]

T1-W images
T2-FLAIR images

Segments the T1-W images into
three main tissue classes: CSF,
GM, and WM. Combines this
information with co-registered

T2-FLAIR intensities to calculate
lesion belief maps. Applies an
initial threshold to generate a
binary lesion map. Grows the
lesion map along voxels that

appear hyperintense on
T2-FLAIR.

T2-FLAIR image (Bias corrected)
Lesion probability map
.mat file

LST—Lesion Prediction
Algorithm (LPA) [5,50,60]

T2-FLAIR images

Requires T2-FLAIR image only.
Optional reference image for co
registration prior to segmentation.

Lesion probability estimates for
each voxel

BIANCA [48]

T2-FLAIR images
(mandatory)
T1-W image (optional but
recommended)
Manually segmented
WMH masks (training
subjects)

Brain mask
Spatial location features
(optional: MNI
coordinates)

FLIRT registration between
modalities,

Linear registration to MNI for
spatial coordinates,
Intensity normalization,
Patch options,

Training point selection (critical),
Exclusion mask (CSF-based).

Voxel-wise WMH probability map

User-defined probability
threshold applied
Final WMH mask is thresholded
at0.9

BIANCA-MS [49]

Primary Reference Image:

FLAIR or PD.
Supporting Modalities:
T1-W, T2-W, and PD (if

available).
Training Data: Manually
segmented lesion masks
required for retraining.

Visual inspection for artifacts,
All modalities co-registered to the
reference sequence using FLIRT,
Brain extraction from T1-W
images using BET,
Registered to main modality for
tissue-specific masks, GM and
cerebellar exclusion masks are
applied to reduce false positives,
Pure WM, GM, and CSF masks
obtained using FAST, with lesion
clusters removed.

Binary lesion mask of WM lesions

in the brain; Lesion volume
calculated from the output mask
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Table 1. Cont.

Method Required Inputs Preprocessing Final Data Extraction
T1-W and FLAIR images are
registered to MNI ICBM152 space. Three individual lesion
Images are resampled to a probability maps from the
consistent 1 x 1 x 1 mm? ensemble, Averaged probability
LST-AI [51] T1-W image, FLAIR image  resolution and orientation. Skull ~ map, Binary lesion mask obtained

stripping using HD-BET,
Centre-cropping to 192 x 192 x
192 voxels and

by thresholding the averaged map
at 0.5, then inverse-transformed
to the original FLAIR space.

intensity-normalized to [0, 1]

nicMSlesions (cascaded
3D CNN) [52]

Images are skull stripped using
BET and intensity
corrected /normalized using N3.
Modalities are co-registered into
the same image space. Intensity
normalization is applied and
multi-sequence 3D image patches
are extracted as separate input
channels.

FLAIR images; T1-W
images. Additional T2-W
or PD images can be
incorporated if available.
Manual lesion masks are
required for
training/retraining.

Voxel-wise WM lesion probability
map (from the second CNN),
Binary lesion segmentation mask
after thresholding.

3D, three-dimensional; Al, artificial intelligence; BET, Brain Extraction Tool; BLANCA, Brain Intensity
AbNormality Classification Algorithm; BLANCA-MS, BIANCA for multiple sclerosis; CNN, convo-
lutional neural network; CSF, cerebrospinal fluid; FAST, FMRIB’s Automated Segmentation Tool;
FLAIR, fluid-attenuated inversion recovery; FLIRT, FMRIB’s Linear Image Registration Tool; GM,
grey matter; HD-BET, High-Definition Brain Extraction Tool; ICBM, International Consortium for
Brain Mapping; LGA, lesion growth algorithm; LPA, lesion prediction algorithm; LST, Lesion Segmen-
tation Tool; LST-AI, Lesion Segmentation Tool-Artificial Intelligence; MNI, Montreal Neurological
Institute; MPRAGE, magnetization-prepared rapid gradient-echo; MRI, magnetic resonance imaging;
MS, multiple sclerosis; N3, nonparametric nonuniform intensity normalization; PD, proton density;
T1-W, Tl-weighted; T2-W, T2-weighted; WM, white matter; WMH, white matter hyperintensity.

5. AI Methods for Modelling MRI Features and Predicting
Clinical Outcomes

Al methods for MS progression prediction use either explicit MRI-derived biomarkers
or MRI directly to model future clinical outcomes. MRI-based ML reviews consistently de-
scribe this literature as using imaging variables such as lesion measures and tissue-volume
markers, often together with demographic and clinical covariates, for tasks including CIS-to-
MS conversion, EDSS-related disability prediction, and other progression outcomes [16,62].

5.1. Classical Machine Learning Approaches

Classical ML is well suited to settings in which MRI information is represented as
structured input variables rather than raw images. In this setting, the model operates
on predefined biomarkers such as lesion geometry, lesion location, lesion burden, and
GM-based measures, usually combined with baseline demographic or clinical data [61].
In CIS-to-CDMS prediction, SVMs and ensemble tree-based models are among the most
frequently applied approaches. Bendfeldt et al. [61] used SVMs with lesion geometry
metrics derived from Minkowski functionals together with global GM volume information
and concluded that both lesion geometry and GM-based information can aid prediction of
conversion to clinically definite MS [61].

More recently, Rasouli et al. [62] developed an explainable eXtreme Gradient Boost-
ing (XGBoost) model using demographic, clinical, and imaging variables and identified
age, gender, schooling, motor symptoms, infratentorial lesions, periventricular lesions,
oligoclonal bands in CSF, and lesion/symptom type as the most influential predictors of
CIS-to-CDMS conversion [62]. A separate 2024 comparative CIS study benchmarked Cat-
Boost, XGBoost, LightGBM, random forest, SVM, and logistic regression on the same public
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CIS cohort, showing that boosted-tree and other feature-based classifiers remain competi-
tive when heterogeneous structured inputs are used [73]. Earlier work by Zhao et al. [74]
showed that SVMs incorporating short-term clinical and brain MRI data outperformed
logistic regression for predicting MS disease course in that study [74].

Classical ML therefore provides a suitable framework for modelling pre-extracted and
interpretable MRI biomarkers, particularly when these features are integrated with clinical
or demographic covariates. SVM, XGBoost, and related ensemble methods are among the
commonly applied approaches in progression-focused studies.

5.2. Deep Learning Models for End-to-End Prediction

DL models for end-to-end prediction use MRI directly as model input, allowing
prognostic representations to be learned automatically within the network rather than
being manually predefined as handcrafted biomarkers. Tousignant et al. [70] introduced
the first automatic end-to-end DL framework for predicting future disability progression
from baseline multimodal brain MRI in MS. Their model used a 3D CNN with parallel
convolutional pathways to learn multi-scale MRI patterns directly from the images, and
prediction improved when lesion label masks were included as supplementary inputs.
The study also showed that uncertainty estimates derived from Monte Carlo dropout
were useful for identifying less reliable predictions and scans that might require closer
review [70].

Subsequent studies extended this strategy to other progression-related outcomes.
Storelli et al. [40] developed a CNN-based model using baseline T1-W and T2-W MRI to
predict clinical worsening, cognitive deterioration, or both at 2 years in a multicenter MS
cohort [40]. Taloni et al. [71] likewise used baseline 3D T1-W MRI for disability progression
prediction and found that the most informative predictive regions were located mainly in
the frontal GM, showing that DL can derive anatomically meaningful prognostic patterns
directly from structural MRI [71].

A recent application of end-to-end DL is the prediction of PIRA following a first
demyelinating event. Coll et al. [72] trained an EfficientNet-based DL survival model
on routine baseline T1-W and T2-FLAIR MRI to estimate the cumulative probability of
progression independent of relapse activity (PIRA). Their study further showed that the
DL-derived PIRA risk score improved a conventional age-adjusted Cox model, indicating
that end-to-end MRI features added prognostic value beyond classical covariates. Inter-
pretability analysis also highlighted the frontoparietal cortex as an important region in the
learned prediction [72].

Evidence from broader systematic evaluations remains more conservative. A 2025
systematic review and meta-analysis concluded that MRI-driven Al models predict MS
disability progression with only moderate accuracy, and that DL has shown only marginal,
non-significant improvement over strong classical baselines, while external validation and
calibration remain limited across studies [75].

End-to-end DL provides a direct framework for MRI-based prognosis in MS; how-
ever, reported performance gains over carefully engineered feature-based models remain
modest. The literature remains dominated by established CNN architecture, indicat-
ing a need for further evaluation of alternative DL designs and their robustness across
independent datasets.

5.3. Multimodal and Hybrid Models

Multimodal and hybrid models combine MRI-derived quantitative features and/or
categorical radiological variables with clinical, demographic, biochemical, or other vari-
ables to improve MS progression prediction, rather than relying on imaging alone [76,77].
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In progression-focused studies, multimodal models commonly integrate routine MRI lesion
descriptors, including lesion location, lesion type, new lesion activity, and contrast en-
hancement, with demographic and clinical variables and, in some studies, CSF biomarkers.
Rasouli et al. [62] used XGBoost on demographic, clinical, and imaging data, and identified
periventricular lesions, infratentorial lesions, and CSF oligoclonal bands among the key
contributors to CIS-to-CDMS prediction [62].

Poretto et al. [76] similarly integrated demographic, clinical, biochemical, and routine
MRI-derived radiological variables, including lesion number, lesion localization, new
lesions, and contrast enhancement, for early PIRA prediction [76]. A related comparative
CIS study expanded the multimodal feature space by combining MRI indicators, CSF
measures, and clinical and environmental-history variables [78].

Yoo et al. [77] employed a modelling strategy that combined deep-learned lesion-
pattern representations with user-defined MRI and clinical features for CIS-to-CDMS
prediction. The final model integrated CNN-derived latent imaging features with explicitly
engineered radiological and clinical variables [77].

Multimodal modelling enables MRI-derived information to be evaluated alongside
patient-level clinical and demographic characteristics. According to the reviewed studies,
these models commonly combined lesion descriptors with clinical, demographic, and
selected biological variables. Some approaches further integrated deep-learned imaging
representations with explicitly engineered radiological and clinical predictors. This extends
multimodal modelling beyond conventional structured feature combinations and may
capture complementary information from both learned and handcrafted features.

5.4. Longitudinal and Temporal Modelling

Longitudinal and temporal modelling aims to capture disease evolution across time
rather than relying only on a single baseline scan. In the studies selected here, temporal
information is introduced mainly in two ways: (i) through direct comparison of baseline
and follow-up MRI to detect new or evolving lesion activity, and (ii) through forecasting
future lesion outcomes from baseline imaging and later follow-up labels [79,80].

A direct paired-image comparison strategy is exemplified by Salem et al. (2022) [80].
Their method uses baseline and follow-up 3D T2-FLAIR scans together, first aligning them
and then learning a deformation field that non-linearly registers the baseline image to the
follow-up space. The network then uses the baseline image, follow-up image, and learned
deformation field jointly to segment new lesions. The model therefore incorporates both
spatial and appearance changes between scans rather than relying solely on voxel-wise
intensity differences, supporting the detection of newly developed lesions [80].

Durso-Finley et al. (2022) [79] used baseline multi-sequence MRI to predict future
new and enlarging T2 lesion counts on follow-up MRI across multiple treatments, thereby
framing lesion activity prediction as a forecasting problem from baseline imaging [79]. A
related but simpler temporal design appears in Afzal et al. (2018) [81], who used baseline
and 1-year follow-up T2-W MRI in a LeNet-style CNN for CIS-to-MS prediction. The study
used two time-point MRI inputs but did not describe a separate temporal module such as
recurrence or explicit subtraction. Thus, temporal information was incorporated mainly
through the inclusion of both scans as model input [81].

In Yilmaz Acar et al. (2022) [82], temporal modelling was approached as future
disease-activity prediction using 3D-DWT features extracted from MRI. The study supports
a feature-engineered forecasting strategy, rather than a direct baseline—follow-up change-
detection framework [82]. Hechenberger et al. (2022) [5] is more appropriately considered
a longitudinal prognostic study than a temporal Al model. The study related information
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processing speed, together with MRI measures such as lesion load and brain volumes, to
later disability progression [5].

Across the selected studies, temporal information was represented primarily through
serial MRI inputs or follow-up-defined lesion outcomes. These approaches demonstrate the
potential of longitudinal information to support prediction of lesion activity and disease
evolution beyond static baseline characterization.

6. Evaluation Strategies and Performance Metrics

The studies summarized in Table 2 evaluated predictive performance using a wide
range of metrics, reflecting differences in prediction targets and model outputs. Across the
table, the most common measures were accuracy, sensitivity, specificity, and AUC, especially
for classification tasks such as CIS to CDMS conversion, lesion activity classification, and
general progression prediction. This suggests that, despite differences in the clinical predic-
tion tasks, most studies evaluated model performance using classification-based metrics.

A smaller subset of studies used metrics that were more closely matched to non-
classification targets. Kirkbir et al. evaluated 5-year EDSS prediction with RMSE, which is
more appropriate for continuous outcome prediction than accuracy or AUC [83]. Elliott
et al. used hazard ratios, confidence intervals, and p values within Cox regression and
related statistical models [84], showing that time to event or progression risk studies require
different evaluation criteria from standard classification frameworks.

Table 2 also shows that evaluation metrics change when the target was lesion activity
or lesion detection rather than patient level progression status. Yilmaz Acar et al. reported
F1 score, precision, and recall for future disease activity prediction [82], while Salem
et al. used F1, Dice, Positive Predictive Value per Lesion (PPVL), and sensitivity for new
lesion detection [80]. Durso Finley et al. reported average precision for treatment specific
prediction of future new/enlarging T2 lesion burden [79]. These examples show that
when the task shifts from patient level outcome prediction to lesion level forecasting or
segmentation style detection, overlap based and precision-recall type measures become
more informative than accuracy alone.

In terms of validation design, cross-validation (CV) was the most common internal
evaluation strategy, but its implementation varied widely across studies. Table 2 includes
seven-fold CV, three-fold CV with bootstrapping, repeated stratified 10-fold CV, 10-fold CV,
leave one out CV, 5-fold CV, and nested CV, depending on the study design and sample size.
This variation makes direct numerical comparison across studies difficult, because reported
performance depends not only on the model but also on the way training, validation, and
testing were partitioned.

A more distinctive observation is that external validation remained relatively uncom-
mon. Storelli et al. used an independent test set from a different scanner [40], and Coll
et al. performed external validation on an independent cohort [72], which are particularly
valuable strategies in MRI-based MS prediction because scanner and protocol differences
can otherwise lead to over optimistic internal results. Compared with the larger number
of studies relying only on internal cross-validation, these examples highlight that true
generalizability testing is still limited.

Table 2 further shows that dataset imbalance was handled in several different ways.
Some studies used class weighted loss, balanced minibatch sampling, or explicit class
imbalance handling during modelling, while others addressed imbalance earlier by remov-
ing severely imbalanced variables or by using augmentation strategies such as rotations,
reflections, flipping, scaling, and patch resampling. This suggests that imbalance was
widely recognized as an important methodological issue, but no single correction strategy
dominated across the reviewed studies.
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Benchmarking was usually performed within individual studies by comparing several
candidate models or feature sets on the same dataset. Table 2 includes comparisons among
RF, XGBoost, decision tree, logistic regression, SVM, k NN, naive Bayes, Extra Trees,
hist gradient boosting, and DL architectures, depending on the task. In other studies,
benchmarking was done by comparing shape-based, intensity-based, and combined feature
models [60], or by contrasting wavelet-based and non-wavelet approaches [82]. This
indicates that benchmarking was mainly used to identify the strongest model within a
study rather than to establish a universal benchmark across the field.

Reproducibility was addressed most clearly in radiomics-based studies. Radiomics-
based studies applied ICC-based reproducibility filtering to retain only stable radiomic fea-
tures before subsequent feature selection [67,68]. Elhaie et al. reduced redundancy through
collinearity removal, RFECV, and an additional L1 regularization check [69]. These studies
show that, when very large numbers of engineered imaging features are extracted, stability
filtering and feature selection procedures become central to reproducible evaluation.

Overall, Table 2 shows that model assessment in MS prediction studies is highly
heterogeneous, spanning classification, regression, survival, lesion detection, and treatment
response metrics, with cross-validation as the dominant validation strategy and external
validation still comparatively rare. It also shows that imbalance handling, within study
benchmarking, and feature stability procedures are essential for interpreting reported
performance, particularly when models rely on heterogeneous MRI derived biomarkers
and high dimensional feature spaces.
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Table 2. Summary of the reviewed studies describing Al models, MRI features/variables, and MS progression prediction.
Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, . . Data Processing and Model/ Performance Key MRI Predic- Methodological
Reference and DMT Definition and Input Data a nI;resI;rg(:liistl;:ﬁ) n g’:;;iﬁg’:‘aﬁgﬂ Validation Architecture Metrics tors/Contribution Considerations
Exposure Horizon
CIS-to-MS/CDMS conversion
Random Secondary analysis of
alysis o
New disease Baseline PD . . fci)r?t a relati\}:el sr}xl1a11
activity within aseline I LJw, Bias correction, Th hes excluding HVe'y s
Secondary analysis 24 months T2w and Tlw skull stripping, ree approaches to uncertain T2 lesion burden multicentre trial
. N 4 MRI used to : 0 uncertain labels were cases, : dataset. Nested 7-fold
Tayyab of a multicentre defined as . lesion filling, . . and thalamic
otal phase I trial CIS-to-MS derive recistration and T2 lesion volume compared using random AUC: 0.69 for volumes were CV was used,
(2023)"_ involving 142 conversion volumetric ] intensity ang bilateral nested stratified forest RF-exclude, 0.71 for among the most a!though the
Prediction adults with CIS according to the fmeflsurgs,l normalisation: t aladmus, seven-fold . treatin RF-naive and 0.76 ' informative predictors hac.1 been
of New from 12 Canadian 2005 McDonald final mode it He caudate, cross-validation; the uncertain for probabilistic RF; ;.- ging features; selected previously
Disease contres: 73 recoived i rci '08nla inputs were semllau' omatic putamen and predictor set had outcomes as corresponding F1 o elling from the same
ca Nires, 7. criteria, eight DGM esion globus-pallidus been selected stable, and scores were 82.6%, clng dataset. Thirty-two
Activit
y minocycline and 70 converted, 29 segmentation and . p babilist; o o uncertain labels Y
= . : volumes, T2 . volumes. previously using the probabilistic 76.8% and 86.6%. ; atients had
[85] placebo; follow-up ~ remained stable . ANTs multi-atlas with PRF gave the patients
up to 24 months and 32 had lesion volume deep-grey-matter same dataset; no random best performance uncertain outcomes,
p : uncertain and treatment S eg ng1 o n}; ation. external validation. fglrelit p ) and independent
outcomes. assignment. mol le) lmg validation was not
unceart;:inty performed.
Two-stage
Secondary analysis logistic Periventricular Complete-case
of an open Binary Thirty No direct regression: MRI lesions were analysis reduced the
prospective rediction of demographic,  Not reported; the image-feature Complete—ca.sg demo- . thg strongest . cohort from 273 to
Akso Mexican CIS cohort; 1S-to-CDMS medical- model used extraction; MRI analysis, stratified graphic Holdout AUC imaging predictor; 177 patients, leaving
y 177 of 273 patients conversion; ; exisH : location: 80/20 train-test split ~ baseline-risk infratentorial 36 for holdout testing.
etal. p 97/177 history, pre-existing binary ocations, . P 0.909, accuracy lesi 1 esting
(2025)— entered d clinical, CSF, indicators for oligoclonal bands and five-fold model 0.806, precision esions also The CDMS definition
Prediction ~complete-case O astic evoked- ~ periventricular, and evoked cross-validation; - followedby o 00) T 11 0 800 increased and prediction
of analysis, with 141 d f?agt‘.‘os 1c d potential, cortical, potentials were several models and a clini- “and F10.821; predicted horizon were not
CIS-to-MS used for training ¢ ;I;ldiggoi? symptom and infratentorial and encoded as ablations were cal/ syn}ptom five-fold I\C/Ici{llyersuzn risk. clearly repo_rted. Test
Conver- and 36 for testing. hP . binary MRI spinal-cord lesions ~ binary variables, compared on the model incor- cross-validation INputs were - AUC was higher than
sion [86] Follow-up duration orizon were lesion- rather than raw with symptom same small holdout porating the  AUC 0.838 + 0.095. binary the 5-fold CV
not reported in ) - set; no external Stage 1 lesion-location timat d th
and DMT exposure location categories dati s indi estimate, and there
the model bl one-hot encoded validation. probability; indicators rather was no external
were not reported paper. Vvariables. ‘ SHAP used than quantitative multicentr
in th del q centre
in the model paper. for image features. validation.
explanation.
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Table 2. Cont.
Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, Input Data Preprocessin Extraction and Data Processing and Model/ Performance Key MRI Predic- Methodological
Reference and DMT Definition and p and SI; gment atigo n Quantification Validation Architecture Metrics tors/Contribution Considerations
Exposure Horizon
The multicentre
Retrospective cohort included 91
multicentre cohort White-matter CO;?:;:: r:nadnfz(g%;llof
(f)f 400 CI]SE patients Bootstrap-averaged Agi—;i/ntrg z}ilcgufraﬁiy: lesion 10addwas a pcandidate foatures
rom six European : = . . . . REE with cl . .8% with 2-fo major predictor, HIES.
Wottschel ~ MAGNIMS centres; ]?\?[sIglhrlg%T/lT\Z/\_/ N4 bias correction, ~ Regional lesion un ders;;,rllpl&gse?n d Lme‘:Aa;ﬂSlVM CV, 68.5% with together with Accuracy varied
etal., baseline MRI d clinical iTL AR lesion filling, load, grey-matter 9 5- 10-fold and h 5-fold CV and revional GM considerably with
(2019)— obtained within 14 Sethn o lmfla de?irved lesi;)n registration, GIF probability, le;,av;e,-on_e-ooutag\/ ref:(esgtrli“e]e 70.8% with gobabilit centre size and CV
Prediction  weeks of CIS onset ({I%ig?g]%rll\/ls masks. awe brain parcella- cortical thickness,  The paper does not elimination leave-one-out CV; lt) | thi ky’ method, with smaller
of Conver- (reported SD 7 p , ag& tion/segmentation brain volumes pap d smaller cortical thickness single-centre cohorts
sion from weeks) and _conversion sex, EDSS and and DiReCT and clini- clearly state that b an single-centre and brain giving higher
CIS to one-year follow-up; within one year. CIS ical-thick cal/demographic  feature selection and ootstrap estimates were volumes; CIS type i RFE and i
Yy p; cortical-thickness grap ht > estimates. and its
CDMS [87] 91 patients presentation timati £ stopping were welgt higher but more was the only topping st
P type. estumation. eatures. confined to the averaging. ; selected Stopping step were
converted to trainine fold susceptible to g not clearly described
CDMS. Treatment raining 1olds. optimism. non-imaging as
information was feature. training-fold-specific,
unavailable. and no independent
test cohort was used.
Nine-layer
Baseline T2- Euclidean véﬁ)thlﬁIrtTe The study included
Cohort of 140 and proton- distance convolution/max- 140 patients and
patients with early density- Skull stripping, transform Seven-fold CV with pooling "CNN with distance Spatial lesion- compared four CNN
s, RS T A MRt R O T
(381‘36)1, tye 5)0015 I\;Ilglggfeﬁtd Conversion to Chﬁ]llijl;ég‘Sd sgr(;‘;{lslaltlg?nﬁre}a information tiiggizengzt};esvior}sd; fullyt d ac}cjuracy 72%%, pmore prggnosﬁc ItEailsyagtlgp?igg w;g
Predicting criteria at baseline; meet the 2005 Euclidean- multimodal lesion density; spatial augmengte 4 fourfold f:;el;zcag 4 sensitivity 78.6%, information than based on
Future 80 met the McDonald distance segmentation, lesion-pattern . s specificity 65.1% total lesion cross-validation, but
Disease conversion criteria criteria within representa- affine MNI152 features were and lelss welghts' Ollc:tgllslttl'ca and AUC 71.8%. burden, although a separate validation
Activity and 60 did not two years. tions of registration and learned were adjusted within p . Lesion-burden the learned set within each
[771 within two years. white-matter ~ downsampling to  automatically by each fold. Four CNN C(t)ilg;f;lu i logistic regression: features were not training fold was not
Recruitment details lesion masks 128 x 128 x 30 the CNN. Total configurations were deep-belief  accuracy 65.0% and anatomically clearly described.
and DMT exposure rather than voxels. lesion burden compared. etwork AUC 67.6%. interpretable. Performance was not
were not reported. _raw MRI was used as a proviéve d un- tested in an
intensities. comparator. supervised independent cohort.
pretraining.

https://doi.org/10.3390/app16188955


https://doi.org/10.3390/app16188955

Appl. Sci. 2026, 16, 8955 22 of 59
Table 2. Cont.
Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, I . . Data Processing and Model/ Performance Key MRI Predic- Methodological
o nput Data Preprocessing Extraction and A . . Peiaprs N 0
Reference and DMT Definition and and Segmentation Quantification Validation Architecture Metrics tors/Contribution Considerations
Exposure Horizon 8
The cohort was small,
ion t with 22 converters at
(é%ll\\//[eSrsalf(;gr ;) Majority—;lass one year and 31 at
second Lesion count undersacrin Folom 8 Lesion load was three years. Repeated
Retrospective demyelinating . Baseline 1.5T g repeate times, Across 100 . A undersampling
subgroup of a CIS attack lasting Baseline PD- dual-echo MR]; . load, PD/T2 ) producing balanced balanced resamples, the OI‘IY maging produced balanced
Wottschel cohort recruited more than 24 h and T2W semi-automated ~ MteNSIty, spatial- ook 14 atents at Support- 1-year accurac feature in the best bsets for LOOCYV,
etal., duri . brain MRI, lesi king b distribution p vector y oY 1-year model. At subsets for ‘
uring 1995-2004.  and occurring at : : esion marking by one year and 62 at : was 71.4% . while feature and
(2%15)_ Seventy-four least four weeks fe1ght lesmr:i an experienced mleasures and three years; each was mach}llne (sensitivity 77% three years, lesion 1o el selection used
Prediction . - . eatures, an . esion-size G wit e . t, PD .
of Conver- patients were after the first age, sex, CIS neurologist, profile, giving 12 assessed with polynomial specificity 66%); inte;(s)ilg} Znd two the same internal
sion to MS assessed at one attack. presentation followed by candidate LOOCV. Forward kernels of S-year accuracy lesion- evaluation
[88] year and 70 at three Conversion e and diffeomorphic redictors with feature selection and  Jeorees 1-5 was 68.0% location /dist framework. The
ears: none occurred in ty registration to I3 s olvnomial kernels & : (sensitivity 60%, ocation/distance authors noted that
years; ; DSS <3 the clinical poly!
received DMT. 22/74 patients : MNI152 space. variables (degrees 1-5) were specificity 76%). mezziﬁiyere LOOCV may
by one year and ’ compared within the : overestimate absolute
ke same analysis. independent cohort
was tested.
Euclidean- . ine- Same 140-patient
distance- Standardised A Euclidean I\;l]ge(jla 1\? hort Yp t al
i isi distance I L d spatial cohort as Yoo et al.
Multicentre cohort transformed multisite PD/T2 transf Sevenfold CV used with three carned sp (2016) [77]; nine
of 140 patients with baseline MRI; skull il;?cr;za(;gg 120 training and 20 convolution/max-Combined CNN: lesion patterns patients classified as
CIS recruited from Conversion to lesion masks stripping, lesion-mask test patients per fold, pooling accuracy 75.00{;), outperformed non-converters had
Yoo et al. 12 clinics; 80 MS under the plus 1es1on. mte?mt}_/ information with training-set blocks, two sensitivity 78.7 0/0/ lesion volume follow-up only to
(2017)_, converted and 60 2005 McDonald  volume, brain normalisation, density, and the augmentation and fully specificity 70.4% glqne. Adding month 12. Fusion
) did not under the criteria within parenchymal affine MNI152 L and AUC 74.6%. clinical and MRI
Predicting 2005 McDonald two vears - recistration CNN learned class weighting. connected Lesi parameters were
MS Con- PP years, fraction, s g latent spatial Replication/scalin, layers and a esion-pattern- measurements tuned using the same
- criteria within two based on new diffusely semi-automated lesi p ] logisti only CNN achieved modestly 7_fold CV, and th
Mhuiepscs years. Nine T2 lesions, abnormal lesion esion patterns. parameters for oplste” 72.9% accuracy; increased accurac o ,and the
from CIS X 0 . . El ; regression Y y authors
89 non-converters had enhancing white matter, segmentation with even feature fusion were random forest with from 72.9% to
[89] only 12-month lesions and/or sex, CIS expert seeding standardised selected using the (softn}ax) user-defined 75.0%: EDT and acknowledged
follow-up; DMT clinical relapse. location, and quality clinical and MRI same CV rather than output; con- predictors achieved prétra{ning were possible bias because
exposure was not EDSS and review, followed measurements a fully nested volutional 67.9% . ‘ fully nested CV was
were fused wi
reported. mono- by dow,nsampling fused with procedure. DBN o ?‘Eﬁfﬁ;ﬁ Oﬁr not used. No
/multifocal 10128 x 128 % 30. the learned pretraining p ) independent cohort
presentation. features. was used. was tested.
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Table 2. Cont.
Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, Input Dat P . Extracti d Data Processing and Model/ Performance Key MRI Predic- Methodological
Reference and DMT Definition and nput Lata reprocessing Xxtraction an Validation Architecture Metrics tors/Contribution Considerations
. and Segmentation Quantification
Exposure Horizon
Retrospective Demographic, Reporting was
analysis of a medical- No raw-image _limited: CDMS
l&/[lesxilcan me}stizo Binary history, volumetric (fg)r’ Stratified Random criteria and Afollow—tclip
ataset from classification of symptom, radiomic training/ test split Forest Random Forest: were not given, an
NINN, Mexico City, ) olieoclonal- Not reported. MRI ) ; : ; ¢ . MRI assessment and
Haouam ) Qescribed CIS conversion g acauisition extraction was with 82 patients in the XGBoost, AUC 0.93, accuracy f oot
and ater descril eTl?S to CDMS versus band, seq Lonces. performed; MRI test set. Grid-search Decision 0.87, CDMS Periventricular eaﬂlrg-se ection
Benmalek open-source. The non-CDMS. evoked- scanrcllers image findings were CV was used for Tree and precision 0.83 and MRI was the mgt od }i v(\;erlghnot
(2024)— dataset contained CDMS criteria, potentlal~ and e 8 pre-existing tuning, but the CV Logistic recall 0.86. Logistic highest-ranked d escribed. de27
Early 273 records, outcome categorical p & t ical desien and Regression: Reeression redictor ataset containe 3
Ly ¢ R segmentation, categorica & ] 4 ] p 4 records, but the
Prediction although reported ascertainment, MRI lesion- . iabl feature-selection Random achieved followed by age 1
1 ts 4 locati quality control variaples. ° Yy ag reported class counts
of MS Pro- class coun follow-up ocation Feature selection rocedure were not Forest was AUC /accurac and infratentorial .
; lled 271 (125 and reader P Y totalled 271. The final
ression totalle ( duration and variables; PN was mentioned described. The final selected as 0.90/0.83, Decisi MRI ; ;
& CDMS, 146 Py initial and reliability were as mentione escribed. 1he tna 90/0.83, Decision . algorithm was chosen
[78] non-C]ﬁMS) prediction ;m llaE%n unspecified but its method, algorithm was chosen the best- Tree 0.86/0.82, and using the same
: . horizon were inal EDSS P : selected features according to test-set performing XGBoost 0.90/0.79. 5 8
Recruitment dates, not reported were removed and timing were f model 82-patient test set,
~ : erformance. : :
DVT oxpocune ey notreported. alidation cohort was
were not reported. missingness. used.
Post-hoc analysis of Centralised 1.5-T
Pt Although the source
the 98-centre MRI acquisition, . RBE-kernel N &
BENEFIT phase 11 assessment and Minkowski Non-linear SVM_s SVMSs Best non-linear trial was large and
trial (468 Baseline T1 quality control. - were evaluated with combined . o Lesion geometry multicentre, the
_ . functionals 10-fold CV: model: 70.4% rincipal classifiers
randomized. Baseli post-contrast Trained measured lesion o g clinical, balanced accuracy added D eed o
patients). Baseline T and T2 MRI radiologists volume, surface parameters were lesion, GM . ; ) information used selected MRI
MRI was available prediction of lesion masks, marked lesions area, mean optimized by grid and in the [FN- group; beyond subsets of only
Bendfleldt for 364 patients, c%r}\éetrag%f\r/[%m lesion and technicians breadth and . searchand geometry bTSt Ségnlflcgn; conventional 160-167 patients.
etal, although the main > t}?’ w count/load, quantified Euler-Poincaré significance assessed features; a pracebo modes lesion count/load Several feature
P(Z%mz,_ geometry and ‘é\;lrs H&D 1\25 lesion volumes. characteristic. with 1000 label separate 67.6%. Cortical-GM  and was relatively COmblljlatgnS‘ v}v;ere
(ffe CIICSlt(z) n cortical-GM Yy d: d geometry, GM  Geometry analysis Features were permutations. The linear SVM analy;ls reported more important in . etxamllncev wit 4 1tr}11
CDMS analyses used was dlagnose measures, age, used registered summarised paper does not clearly used voxel 631102"/0 accuracy, the IFN- group. n el;n; 4 atn1 r’f
Conver- selected subsets of  “po'& moﬁhfl‘ed sex and EDSS. lesion masks; globally and state whether tuning wise o ;1;1151E)1V1ty Cortical-GM pape does . g clearly
sion [61] 160 and 167 c()iser C? erlad The cortical-GM across 13 ROIs; and feature-reduction  cortical-GM and 78.3% patterns predicted L e?CIr(Ii e "
patients, ax; (;Ocne rllrtI:;elr cortical-GM processing GM ratios and steps were repeated maps. The 1spetC,IﬁC1tX in conversion in tre:lmpg- o f-sl:t)ea ic
respectively. Cgmmittee. analysis used included FAST Voi(.el I’Yésf/[ within each training best p a\fc;s(:lgitsl"e/nt& placebo-treated unmg ort.ea ure
Patients received voxel wise segmentation, cortica fold. Cortical-GM non-linear : ° patients but not in reduction.
interferon 3-1b or GM maps. lesion fillin values were also analysis used LOOCYV ~ model, M9, accuracy in treated 6 treated group. Performance was
lacebo for twi FLIRT & evaluated. 4500 b used 15 patients. moderate and was
placebo tor two SPMS,/ VBMS and an ootstraps. features. not tested in an
YeaéSD(i\l;Ilsmtﬂ DARTEL an independent cohort.
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Table 2. Cont.
Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, I . . Data Processing and Model/ Performance Key MRI Predic- Methodological
Reference and DMT Definition and nput Data Preprocessing Extraction and Validation Architecture Metrics tors/Contribution Considerations
Ex . and Segmentation Quantification
posure Horizon
Same 273-patient
) ; ith >50% Mexican CIS cohort
. Baseline A count of Vérirlzlli:silr?sr‘{\gst? V\7e5r(e)3/ used in other
Secondary analysis demographic, iti & XGBoost included studies. A
fa publi linical, CSF positive MK removed and if ~ % hol
otapu 1ch ¢ 1111;?1 4 Not reported. MRI  lesion-location remaining missing clas:?;hler Re(})og?tged Cv: AUC Periventricul. 25% ho d;’}lt sgt wlas
prgfs gg;tﬁg)ﬁgaﬁrt Ten-year categorical was r}e)preseﬁted categories and a values were imputed SHA“lgl-based 0.836 ,sz(r:giltriigzy ﬁﬁ/le&;;c&: ! resgs\;ieng 0arncllna
R:tsgi'lh mestizo patients Colirjssscféir}gm MRI Variables, by categorical symc 1;) ;g;; (t)}f] pes hv(;,lf:[lljol\lftltce];:i ?e tzsv /aos globa} and 02839 and Stroqgest model / feature
v newly diagnosed including age, lesion-location . A mdlv1d1_1al specificity 0.834. predictor, selection was
(2024) - : CIStoCDMS (o ' hoolin findings; were engineered.  reserved for final o\ planations.  Hold-out test: AUC  followed by OCB;  performed on the
Prediction with CIS dur1.r1g based on final 5 ,m toms & ac uisit%(s)/n SHAP ranked evaluation. The final . % 85?3 aci?n.‘ac i of aten 'yl I training data
of CIS to 2 e Patlgnts diagnosis using oﬁ c?clonal, se glentatioh predictor Hyperparameters model used 0.783 ,sensitivi¥ " ratentorlla M However, 1%/HCE was
MS Con- bggiz ?rSeS:tsri?ent 2010 McDonald ba%ds and readgr assessme’nt contributions, were tuned with 1000 nine . 0 ’750 and Y ir‘{\f,]atfe?ltsizl described before the
version and followed for criteria. ngrall, eriventricu- uality control 4 and repeated training-set trials, and predictors; s ec.iﬁcity 0811 whereas 4 train—test split, and
(621 ten years; 125/273 p?t(ljents plar, cortical, C;rlcl reliability feature-addition fe,?tutrf. sglic)tiforll du(sje\:;l tuned hyper- pConﬁden(.;e ' spinal-cord MRI training—oniy
subsequent DMT converted. infratentorial were unspecified. i)élzi?ig;?tas Sré;elalteed fiveotimes P?l‘amEter intervals Weg{e not contributed little. imputzti?{n mas not
exposure was not and R .. S values were reported. stated. Hold-out
P reported. spinal-cord mr;ﬁgiaetlure Trgflr&r;?&-é) r;}]};sfl;‘t(l)lt'lg not reported. performance was
lesions. : lower than internal
stated. CV, and no external
cohort was tested.
bliqu
FLAIR resolution I?anc;lonel M 1
. 1.03 x 1.03 x 1.5 Lesion volume, Oblique-RF Forest se maerrl:tl:tion Mean lesion _
Prospective mm .and T1 intensity hyperparameters classifiers h & RF: volume, minimum Small, imbalanced
single-centre cohort Th _resolution 1-mm histogram were selected using using s S‘gg : a%guiacy sphericity and cohort (66 converters,
of 84 CIS patients reg-ye?r Baseline 3D isotropic. Primary measures, out-of-bag error, and intensity, 0'9 4’ senst fl.v.lty minimum 18 non—oconverters);
followed for at least Cccirs“,’terﬁ%n rgm FLAIR and masks used d surface area, performance was shape or 050 sg)ela ICIJ surface-to-volume the 85% accuracy
Zhang three years. Three 2010?\/Ichl)lrr11aledr 3D T1 brain computer-assiste sphericity and evaluated with one combined e aoar71§e d ratio were most correspopded to 50%
etal, pafients had Siterin, Overall MRI from one manual b surfaco-to- random 3-fold CV. features. The acct]ggcgls. 5Oan c mﬂuentlaﬁ. 4 specificity and 72%
(2019)— received treatment 66 /84 ! 3-T scanner. segmenta.tlon y volume ratio. The paper does not best model Automated-LST olnverte{s al balanced accuracy.
CIS to MS before baseline converted: 33 No clinical or an exper}encgd Patient-level state whether was shape RF: aceurac arger, less Only one 3-fold CV
Prediction MR the remaining clinically aﬁd 33 demographic neuroradiologist; features were the hyperparameter shape-based 0 85 and Balancedy sp}}erlcal lesions; was used,
[60] 81 were untreated radiologically; predictors automated LST minimum, selection was with 300 aécuracy 064 DIS lesion count had training-fold-specific
at baseline. 18 remained. ~ were masks provideda ~ maximum, mean repeated within each trees and compafat(;r; low importance, tuning was not
Treatment exposure || - OO rters. included. sensitivity . and SD 1across training fold. Feature miry =3; accuracy 0.79 and and intensity described, and there
during follow-up ana!ym.s. Reader esions, plus total importance was baseline dis- balanced a.ccurac features did not was no independent
was not reported. blinding and 188101\ volume estimated from 100 _semination 0.58: McNemar }; improve validation.
reliability were and lesion count. bootstrap iterations. in space was 0 008 p prediction.
not reported. the e
comparator.
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Table 2. Cont.
Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, Input Dat P . E . d Data Processing and Model/ Performance Key MRI Predic- Methodological
Reference and DMT Definition and nput Lata reprocessing xtraction an Validation Architecture Metrics tors/Contribution Considerations
. and Segmentation Quantification
Exposure Horizon
Future lesion or MRI disease activity
: - Stratified
Secondary analysis Two-level )
3D-DWT was patient-level 5-fold . .
of the MICCAI 2021 . . SVM with SYM4, ~ Small cohort (n = 40;
MSSEG-2 dataset New lesions on Z-score applied us1ng.10 cv was used. The SYMS or Haar Second-level LLL 11 stable). ANOVA
blished kfl S wavelet features
Yilmaz containing 40 follow-up MRI normalization, wavelet families.  published workflow \ZIM’ features achieved from whole-brain feature selection
Acar etal,, patients with MS 1-3 years after resizing to 192 x The second-level appears to perform random F1, precision and baseline FLAIR appears to precede
(2022)— ; ; ; 192 x 192 1 LLL ANOVA feature forest, o aseine 5-fold CV, and
Prediction and MRI at two baseline. This Baseline x 192 voxels, approximation lection before CV: Kkenearcst recall of 95%. The supported fo , an
fF time points, 1-3 was future whole-brain ~ and ANIMA skull PP seection peare % V; iohb positive class was diction of lat multiple feature-set
of Future .29 : - 3D FLAIR stripping: no sub-band was training-fold-only neighbours, predicnon of later : 1 d
MS years apart; radiological pping; d - decision t absence of new lesion activity: no sizes, wavelets an
i developed new activity, not MRI only. lesion converted to feature selection was ECISION Iree, lesions, so recall 1 aACtVity; classifiers were
Disease lesi P d 11 did disabili segmentation in feature vectors, not described. naive Bayes measured specific lesion or compared on the
Activity esmnts ?jrll bt i - ressiotr}ll or the prediction and the 500 Different feature-set and logistic identification of anatomical same data. No
[82] N no ; .1It'1'1ca B P gPIRA p i highest-ranked sizes, 10 wavelets and regression. radiologically predictor was independent test
¢ SII‘\E}[CTeHS 1CS an : pipelne. coefficients were six classifiers were tabl tient identified. h pt 4
exposure retained using compared using the stable patients. cohort was used.
were not reported. ANOVA. same dataset.
Of 1068 trial
MRI only: AUC participants, 937 had
0.47; accuracy sufficient outcome
Proprietary tStyafriﬁed %Qél(iilo 5206435107% preqits_iq? data for prediction,
- raining-validation- 45%, sensitivi ;
ﬁﬁ%ﬁggggﬁ_’ MRI activit Baseline T1w, Brain extraction, test sgplit of 937 8.45%, specificityy I;ﬁ%;grﬁzsf; but;ﬂgﬁécilrlﬁed
. - o y T2w, FLAIR N3 bias correction, : PN : 79.16%. MRI + . p
clinical-trial cohort within two ; : patients, with inactive improved treatment exposure
Mohammadi £1068 RRMS i and PDw Nyul intensity Features were tient led Five-block inferred T2 labels: P f
Sepah- ot years, defined MRI. In lesion-  normalisation and learned from patients oversamp-e 3DCNN for  AUC 0.74; accurac prediction over were no
vancfet 1 patients followed as at least one informed MNI registration.  complete 3D MRI during training; final activity 58.059% f)recisiony MRI alone. c}i)arac;ﬁetglsed.
2019)— for two years; 937 new/enlarging  models, PDw Semi-manual volumes; lesion test 1 = 95. The rediction 88.09%, sensitivit Automated masks rediction
( ) P y erformance came
e had sufficient T2 lesion or was replaced  Jesi Kk k ided segmentation o . performed less P!
Prediction clinical outcome adolinium- P 510N [AASKS Were  masks provide network used scans and a 54127, specificity well because the from one internal
of Future data for prediction & hanci by either algorithmically an additional from all fime Doints modified 3D 79.16%. MRI + segmentation 80:10:10 split. The
Disease The characteristics. enhancing semi-manual generated and channel directing me points, U-Net for expert T2 labels: 8 segmentation
Activity € Cf areic derlg 15 lesion at year 1 expert or expert-corrected;  the CNN toward but patient-wise lesion seg- AUC 0.88; accuracy network often network used scans
[90] N t(.exctu ed or 2. automatically  automated masks ~ baseline lesions. separation of mentation. 80.21%, precision missed small from all time points
patients an Approximately inferred T2 used a modified longitudinal scans 91.82%, sensitivity lesions, which but patient pomnts,
treatment alloca- 75% were active. lesion labels. 3D U-Net. across segmentation 80.11%, specificity represented about ut patient-wise

tion/exposure were
not reported.

splits was not
described.

79.16%. AUC
values were
reported in the
ROC figures.

40% of lesions.

separation of
longitudinal scans
was not described.
No independent
cohort was tested.
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Reference and DMT Definition and nput Lata reprocessing xtraction an Validation Architecture Metrics tors/Contribution Considerations
. and Segmentation Quantification
Exposure Horizon
TARNET-
based model
with a
shared
Denoising, three-block
Baseline intensit ResNet
Pooled analysis of prediction of cori*r;cetlils; };nd A ResNet learned encoder and
1817 patients with NE-T2 lesion Baseline T1, normalisation; lgt.enttfeaftures Four-by-four nested tre. af?r]rtleent- The multimodal L hort with 4 x
RRMS from four count occurring gadolinium- rigid multimodal wrectly rom cross-validation was specific MLP Preferred model: MRI-clinical arge conort wi
Durso- multicentre betweenyears1  enhanced T1,  registration to 1 multimodal MRI * g0, Four inner-fold ~ *P<p ¢/ AP079-099and  model identified ~ 4nested CV. The HE
Finley rgrﬁcg’v%zgi)g{fk: afhd 2 under T2, FLAIR and stereotaxic alr’lgollzfil??ngngai;?. models formed an Regigss?on ROC-AUC groups with ) a]rg mi was é‘l(%glgo y
, each treatment. 5 1- ensemble, and 8 0.488-0.836 i imbalance .6%
(2e0t2a21).,_ 1 / 2 and DEFINE. MEDA-T2 was a&,‘ﬁfgxﬁl si:z;plﬁlgr} features were performance was predicted treatment g?&rl(r))sss; treat(rirllfefr?fi‘reliated MEDA-T2), giving
Prediction Five groups were defined as fewer Gad and T2 Network inputs concatenated calculated from log- log-count MSE lesion AP 0.996 but
of Future evaluated: placebo, than three lesion masks.  were standardised, V{Ith nlo rm?hﬁe d. aggregated outer-fold  transformed 0.043-1.062. In the suppression, but ROC-AUC 0.488.
Lesion no-, lower-, lesions. Imaging- resampled to clnical variables; test predictions. No lesion HE arm, 99.6% had no specific Individual treatment
Activit moderate- and Predicted <5 p ) no handcrafted . counts: L X effects could not be
ctivity high-cfficacy treatment- clinical 2-mm 1§0tr0p1c radiomics or mdeper}der}t external classifica t,ion MEDA-T2, giving ar_‘latomlcal directly validated; no
(7] treatment. MRI'was  specific counts models also resolution and anatomical validation or predicted AP 0.996 but | rmaging external cohort was
obtained before were used to used age, sex cropped to 72 x importance calibration analysis MEDA-T2 ROC-AUC 0.488. biomarker was used
treatment and at estimate CATE and EDSS. 76 x 52 voxels. analysis was was reported. The reported. '
years 1 and 2. relative to Lesion-annotation reported. regression
placebo. methods were not model with
described. clinical
features was
used for
CATE
estimation.
PIRA /PIRMA prediction
Five-year PIRA,
de%lined as Baseline 3T Small cohort (80
relapse- brcaiigsl\gg: patients; 23 PIRA
) Prospective independent ir?frllamma tor Automated White-matter events) with many
single-centre cohort EDSS me diatorS'y whilte-matter and cortical Random forest PIRA: RF test Higher cortical CSF/MRI predictors.
. of 80 worsening 4 esion lesion burden, andom fores accuracy 0.69 (CSF) 2 RF used one 80/20
Marastoni treatment-naive confirmed >6 age gnd sex segmentation, cortical thickness,  feature selection and and O.y75 (MRI); 11 esion r}llu{nbe'r, split, but held-out
etal, newly diagnosed months later; ~ Wwere included lesion filling, regional classification using an combined CSF-MRI ?wer t adalmm evaluation of the
(2025)— RRMS patients; PIRMA in subsequent FreeSurfer/MALF rey-matter 80/20 train—test split, Random AUC 0.87 (95% CI VO Ume and Jower subsequent
PIRA it regres- / srey P forest ( middle-frontal- q
Prediction 5-year follow-up; addl?lonally Teg ROC volumetric volumes, and followed by Cox 0.78-0.96). PIRMA: rus thickness Cox/ROC models
[91] all subsequently required no s;(;lr;{ cos analysis, and . CSF regression and ROC RF test accuracy gizde endentl was not described;
received dimethyl ~ new/enlarging 0 CBY q manual inflammatory analysis. 0.56 for CSF and ) d‘pt d PIRK AUC 0.87 is therefore
fumarate or or gadolinium- CSF /searrllm cortical-lesion biomarker 0.50 for MRIL. predicte : not clearly an
teriflunomide. enhancing MRI  _po o o bo assessment. concentrations. independent test
lesions within were also estimate. No external
:ttlt?o daystof recorded. validation.
e event.
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Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, : ; d Data Processing and Model/ Performance Key MRI Predic- Methodological
Input Data Preprocessing Extraction an
Reference and DMT Definition and and Segmentation Quantification Validation Architecture Metrics tors/Contribution Considerations
Exposure Horizon
Clinical and
treatment .
Single-centre variables plus cervi]csgls-eclcllgde area
retrospective study conventional and regional Few PIRA events
brain/ 1 8 (23/186 at 24 months;
of 186 patients with Confirmed rain dcle\/rl\lglca i LST-AI lesion Brain and structural 16/81 at 36 months) '
relapsing-course PIRA at 24 and cor segmentation with cervical-cord : 24 months: AUC disconnection The 24- h
X R measures, ¢ X . Feature selection, Feature- . e 24-mont!

. MS; 81 with 36 months; ; visual correction, lesion burden, -- 0.73, accuracy contributed to inl
Tanniello I f lesion burden, . o 4 brai 1 SMOTE and Naive selected 84 6% PIRA by h accuracy was mainly
etal. longitudinal MRI progression was atrophy and lesion filling, . rain voiume Bayes classification Naive Bayes =070 = Inon driven by stable

4 entered the confirmed after . FSL/SIENA brain change, . oo o precision 0.35 and prediction. The .

(2026)— 36-month analysi 24 weeks, regional lumetr cervical-cord using stratified 80/20  classifiers for recall 0.41. 36 36-month model ~ P2tients (PIRA recall
Predicting onth analysis. sustained for ChaCo volumety, area/changeand  train-test splits and 24-month ths: AUC 0.83 dditionall 0.41). The 36-month
short-term  Daseline éreatrgﬁtT >12 months structural- .mim“aé reg ongal 10-fold and mfcréuri'cy 831%, la ) ! dl %na ly model used a selected

comprised no =z ; ; cervical-cord area 1 IS . 7 83.1%, selected baseline Y

PIRA [92] (100/5, high-efficacy and temporally d;sccoc;rel?e%tﬁgn measurement and structural- cr(;ss—valhd?.téo? no 3613?[1{?& PIRA precision 0.56 brain volume, lon(;gnudltr;ilziul\l;[sl%t

DMT (33%) or independent of 36-month NeMo-based disconnection external validation. : and recall 0.69. brain-volume loss, }aln monN rernal

low /moderate- relapses. model also ChaCo analysis. scores. new cervical-cord ~ CN@Ng&es. -NO externa

efficacy DMT included MRI lesions and cingu- validation was
y Include late /brai performed.
(57%). changes ate / rainstem
through disconnection.
Month 24.
Boruta feature
selection followed by
RF sur-
. vival/classification
Time to PIRA Baseline clini- Deep-learning models evaluated Two independent
P five stud and PIR.IV]ID? cal/demographic whilte—matter with 10-fold CV; the prospective cohorts
rospective study over variable variables, esion main report does not B _ L Cervical supported
of two independent fgllow-u}_), brain and segmentation with Brain and state whether Boruta Onfléiésrs ndom CTliﬁlcTeE((:) (I)) I6I;?n spinal-cord reprgg)udbﬂity,
Col  Bpliohons defineduing ol manaal il sdeionas | saland  Coon Tand070  atmphy cortial alough tey

etal., : i & . 4 volumes, cortical peated | classification in Cohort 2. thinning and deep-  differed in follow-up
patients with MS, reference, biomarkers SAMSEG b : training fold dels; i i i

(2026)— dian foll lapse-~ d ’ T1-lesion thickness, lesion g rod- models; Four-variable risk ~ grey-matter/brain and available

Prediction median follow-up _ relapse- and serum p burden, regional Analogous ridge- score: development  yolume loss were bi k Borut
P 3.5 years; Cohort 2 independent sNfL and segmentation, foyican i y i : . 10markers. boruta
of Clinical %’79 péitients ’ EI])DSS SGFAD: FreeSurfer qMRI metrics blomarlker selection penalised C-index 0.64; the most selection was not
Outcomes . 4 > Y and serum analyses were Cox model evaluation in reproducible MRI  clearly nested within
[93] median follow-up worsening Cohort 1 morphomgtry, sNfL/sGFAP performed for the parsi- Cohort 1 C-index P dict f CV. Tl}{ four-variabl
7.3 years. Most confirmed after additionally expert lesion . . . ; A predictors o . The four-variable
-Jyears. - Zz-scores. independently in monious risk ~ 0.67, HR 3.60 (95% risk score developed
participants >6 months. included assessment and P Y C11.57-8.25) future PIRA p
roceived DMTs PIRA occurred advanced Spinal Cord Cohort 2. A score. - -29)- across cohorts. in Cohort 2 was
’ in 28/120 and quantitative Toolbox rifc?;er-éiilasgge directly evaluated in
79/279 patients. MRI measurements. y

developed in Cohort

2 was subsequently

evaluated in Cohort
1.

Cohort 1.
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Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, Input Data Preprocessing Extraction and Data Processing and Model/ Performance Key MRI Predic- Methodological
Reference and DMT Definition and and Segmentation Quantification Validation Architecture Metrics tors/Contribution Considerations
Exposure Horizon
Retrospective Time to first External validation
analysis of 259 PIRA, defined . was performed
prospectlvgly in the original Baseline T1-W EfficientNet gl_ri?géi:g%r;d;rrlﬁ without retraining,
followed patients %Ohort ahs angl rZ_i}fRAIIR processed the Five-fold CV with ImageNet- IBS 0.10 internall but the cohort was
after a first -r?ont d lram ired Bias correction, central 40 axial separate training, pretrained Thresl.ﬁol d accurag‘ Deep SHAP very small (32
demyelinating C?&:Tg only, acquire skull stripping, slices from each validation and test EfficientNet- was 78.4% y highlighted patients, 4 events)
L. Coll event; 58 (22%) nd p 3 rcliear th‘i"‘ first MNI152 sequence; folds. Five fitted fold  'Bp adapted internally and frontal and and used a
etal., developed PIRA. 1y %’gé‘s ent emye. mit' registration, median models were applied for 71.9% exte}:]rnall parietal cortex, PDDS/self-reported-
(2025)— Median total rsonin. mng event. T2-FLAIR/T1 slice-level unchanged to the discrete-time . o exiernaty, lateral ventricles relapse surrogate
Predicting follow-up was 7.7 W];) ts ent lg' d Clmlcalﬁ co-registration predictions external cohort survival ut slenzs 1t1\(/)1ty V\éaS and periventricu- rather than the
PIRA [72] years. DMT was _bxterna emographic, and min-max produced patient  without retraining or rediction only 25.9% an lar/frontoparietal original EDSS-based
tincluded in the ~ Validationused  lesion-count ; ; . 4 P 25.0%, respectivel P 5 o
surviva recalibration, an across A R ’ white matter as efinition.
]r)ui mcdul eE - el a surrogate of and treatment intensity . 1 librat d 11 Ad d, %L ky hi PIRA def
1&112‘ o xlter('ina:i >1-point PDDS variables normalisation. estimates. Deep  their predictions were _annual ) g ILISK  influential regions.  Accuracy was driven
patients followed without inputs. relevance maps. r(?lg; er'naI{;. ’ with sensitivity only
for a median 5.45 self-reported about 25% in both
years. relapse. cohorts.
Age at onset,
) Non-confirmed tregatment lag,
Retrospective PIRA at Month Routine Brain MRI used DMT efficacy
three-centre Italian 36, defined by~ demographic, 1.5-T or 3-T and Random Month-24 EDSS
study of 719 EDSS clinical scanners with at ; 1 ifi Thirt ted out Forest, Extra onth- !
atients after three ~ Worsening from treatment least 3D T1 and interva-specific b oaes Outer Tre age at onset, Large multicentre
pauen reatment, relapse indicators 80:20 stratified rees, disease :
exclusions from 722 Month 24 to relapse and FLAIR. Two N S lits: XGBoost ! cohort with repeated
records. Clinical Month 36 using  conventional experienced were engineered. ,hﬁm teif splits; logistic ’ duration/onset- nested internal
assessments Month-24 EDSS-  MRI variables = observers, blinded Sparse, invariant,  within g:tc 2(t)ra1mng regression Rar&dom Forest: to_ﬁrSt;l validation, but only
Poretto occurred at baseline dependent collected to patient identity, imbalanced or 4 and SVC: AUC0.75 £ 0.06, assessment lag 92/719 PIRA events
etal., and Months 6, 12, thresholds, through assessed lesion clinically hyperparameter Random MCC 0.28 + 0.10, and Month-6 and the outcome was
(2025)— 24 and 36. DMT without relapse Month 24 number, location, irrelevant configurations were Forest F10.36 & 0.08. Age EDSS were the not confirmed at a
Early initiation was from 3 months The main new lesions and variables were compared using performed < 45 subgroup: leading predictors. later visit.
PIRA [76] within one year for before to 1 processed enhancement. No rempved; repeated stratified best. AUC 0.77 + 0.05; ) Conve:ntlonal .MRI Training-only fitting
319 patients, within month after the dataset automated remalmng data 3-fold CV and MCC. Permutation 1\231?3 (_)38%111%‘%3}) Contrlbute.d little; of preprocessing was
three years for 174,  outcome visit. contained 28 segmentation, were imputed, Performance was importance : = baseline not stated, and no
after three years for Predictors predictors: 16 volumetry, scaled and averaged across the was p.erlventrlcular tndepen dent cohort
132, and absent for through Month baseline and radiomics, one-hot encoded. 30 outer held-out calculated lesl}clm bu}‘de]e\r/}RV\IIas was tested.
94; treatments were 24 provided a four at each harmonisation or  Iraining-specific tests. across outer the fmim
grouped as low or 12-month follow-up reliability analysis fitting of iterations. eature.
high efficacy. prediction time point. was reported. preprocessing
interval. was not clearly
reported.
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Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, Input Data Preprocessin Extraction and Data Processing and Model/ Performance Key MRI Predic- Methodological
Reference and DMT Definition and P and SI; gment atigo n Quantification Validation Architecture Metrics tors/Contribution Considerations
Exposure Horizon
Disability worsening or confirmed progression
) Rletrospectivle1 FLAIR denoisi.ng ngnty repeated o Only 22 worsening
sing e-centrg cohort and N4 correction; patient-grouped MRI radiomics episodes among 424
of 127 patients super-resolution stratified 3-fold CV Logistic dominated the episodes from 127
contributing 424, Unconfirmed reconstruction for ~ Anatomical and runs; all episodes regression, Best model by Brier bes;t.mtl)dell, patients.
sometimes lower-resolution lesion volumes; from one patient d ; particularly ient-
! EDSS v ; p random . Patient-grouped
Aerts et al overlapping, worsening 2-3 Baseline protocols; shape, first-order  remained in the same forest, I\/ISIS?TE%QI%%E%C}\/I WML/NAWM repeatge d Cl:\)/
(2026)— prediction episodes; years after FLAIR MRI SAMSEG and texture fold. Fold-specific balanced Brier score 0.062. texture and revented
Prediction 22 episodes (5.2%) baseline radiomics, anatomical radiomics from preprocessing random Exact AUROC/AP NAWM shape 'I:h' fient
of showed disability defined usi,ng motor .eVOI.(ed' Segmentatlc'n/ LST WML, NAWM, included scaling, fQFESt and values for this features. ‘Ail lin_pablen
Disability worsening. baseline EDSS- potential time lesion GM, CSF and Boruta, ADASYN, LightGBM; specific winning Motor-EPTS eakage, but
Worsening ~ Follow-up was 2-3 dependent series, EDSS, segmentation, thalamus; and optional Platt optional configuration were features provided hyperparameters
in MS [94] years. Most thl}t)esholdS' ageand intracranial- conventional/high- calibration and Platt not numerically complementary were selected before
patients (76.4%) 22424 epi ’ gender. volume dimensional threshold selection. calibration ted in th information, and the main CV using
received episodes normalization and motor-EPTS Hyperparameters and SHAP reported 1n the combined models the full dataset.
moderate,/high- worsened. adaptive- features. had been selected interpreta- main article. gave the best Disability worsening
efficacy DMTs, but histogram beforehand using a tion. overall balance of was unconfirmed,
treatment was not intensity preliminary performance. and there was no
modelled. normalization. full-dataset CV. external validation.
Retrospective
roeenbe TS Two-yer Logisic il schon
study (n = : disability ; : Group testing, regression . o0 ot
Centre A provided progression Baseline 3T Bias Scog,fizcltlon' 355 regional correlation filtering ~ nomograms Disability- Cortécal gtro%hy c przgresslon, 12
Wang 111 training and 47 based on EDSS T1-W, FLAIR nor nFalisation cortical and cross-validated combining progression AUC: ancorreticl;?e Oogm ive worsett)unggl.
etal., internal-validation increase and and DIR MRI automated lesion morphometric LASSO feature clinical 0.950 internally and complexity, Utcoﬁﬁssxei'g ase
(2025)— patients; Centre B CW based on plus segmentation with features plus selection in the predictors, 0.904 externally. tosether with B & q
Prediction providec} 33 SD}I\\/IT decline; demographic, | 2 o6 orrection, 3111 lesion-based training cohort; cortical mor- COgmtl‘XfJ C he’irogeneous E]rscs%r}é%nﬁT
of external-validation =~ Neither outcome clinical, son filli shape, first-order internal and phometric worsening : . Lo
Disabili € lesion filling, X lesion radiomic assessments. CovBat
isability  patients. Follow-u was treatment and CAT12 cortical and texture second-centre scores and 0.916 internally and feat used imagin
P_rogref- was 2 years. DM subsequently _ disease- analysis and radiomic features validation. CovBat radiomics 0.889 externally. asesei)éligetzldwvsirteh features frorgn b%th
sion [95] information was confirmed or involvement choroid-plexus from 3D T1W, _ harmonisation scores; Calibration curves future DP and centres, so external
collected, although required to be variables. ple FLAIR and DIR. incorporated both SHAP used were also reported. i
segmentation. . CW. validation was not
treatment status relapse centres. for interpre- fully independent of
was inconsistently independent. tation. greprolc? essing,
described.
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Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, : ; Data Processing and Model/ Performance Key MRI Predic- Methodological
Sorii Input Data Preprocessing Extraction and cessing . . y Peiaprs N S
Reference ?Er;(?o ;3311\1/2" Defg\(::;(z)gnand and Segmentation Quantification Validation Architecture Metrics tors/Contribution Considerations
Time to 24-week
: The most stable
. firmed . : LOCO-MP feature
Post hoc analysis of confirm . Random-survival- Top DBM Random DBM predictors -
350 interferon C(;r;;%?lsilte Baseline TIW Resampling, N4 Me(}han and IS D forest models used survival forest involved the third Seleoclt)lgﬁx_sf é:lotﬁlsriull
B-la-treated ty brain MRI csampling, ot regiona six repeated five-fold Random models achieved and lateral
progression bias correction, Jacobian values N ; ; : before CV. OPERA II
Shen et al ) QPERA-I EDSS T25FW plus age, sex, denoising and t 51 atl. cross-validation; survival approximately ventricles, supported
v participants over 96 ( 4 years since 18 an rom 51 atlas CNNs used 30 forest C-index 0.67 for precuneus, PPOt
(2025)— or 9HPT) or 24- % ANTs registration regions produced . . Rt : . transferability of the
Predicion ~ Weeks. Aseparate = 7 7 St -0y disease onset, toa 102 DBM random 80:20 splits. penalized CCDP24 and up to cerebellar white lected resions. but
of Clinical 340-patient >20% T25FW weight, total healthy-control features; variance Feature selection Cox models about 0.73 for matter, lingual e drTglonS, !
Progres- OPERA-II cohort ~ worsening. brain and template; Jacobian  filterin ; retained preceded and S25FW. Region- and t Jine de 5 :Ivlereth
sion [96] was used to CCDP24 T2-lesion ma l;ant' fied 56. LOCO-MP cross-validation. full-brain or CNN-derived parahippocampal re ratme lrla tert dan
evaluate di volumes, ps q ifie 0. LA i OPERA II repeated region-based featur: hieved regions. Sparse externally teste
il occurred in local volume identified six - . catures actueve ; unchanged. Event
transferablhty of 81/350 patients; EDSS, T25FW differences leading regional model training using 3D CNNis. median C-index reg10nal DBM . & o
the selected DBM | oither outcome and 9HPT. : DBM features. the transferred 0.61 after RSF features li mfodrmatlor} ot
regions. required relapse regions. retraining. outperformed the ~ ™ite ,Sg?lg%fila y tor
independence. full DBM set. :
g . Wrapper-based
Two-year final ) predictor selection Small development
EDSS category,  Bascline T1, T2 and followed by 10-fold cohort (1 =51; 15
; six-month- isabili i . , T2 and ollowed by 10-fo. (n=>51;
4 Prospective confirmed chsablh.ty and Ba;zlllirllleall 15«}" /¥ZR L enhancing-lesion  CV repeated 10 times. Naive B Internal NNet: GM atrophy was progression evgnts).
. single-centre cohort e functional ! el b s s aive bayes, o the MRI measure Wrapper selection
h ) disabili urden plus total  Training-fold-specific EDSS accuracy 80%, PP
Bejarano £ 51 patients with ty measures, MG lesion delineation & P boosted Y most related to
ot al. o patients wi progression, henotvpe (ICC 0.892) and grey- and feature selection was logistic AUC 0.76; future disabilit was n(_)t clearly nested
o1l  ClSorMs followed  and relapse-free g YPh/ SPM2-based white-matter not stated, and a resousion confirmed Y within CV, and the
Short- quarterly for two status. Fifteen ic:%?\%%agsé GM/WM volumes. separate inner dec%sion—tre,e progresgion ﬁ‘ﬁtPEESS and early-stopping
Term MS years; 28 received atients ’ ’ volumetry using Classifier- validation set for accuracy 75%, AUC e procedure did not
. p MRI s methods and . were more .
Prognosis DMT at baseline. progressed and lesion /brain an MS-optimised ~ specific wrapper  neural-network early multilayer- 0.74; rd%};s/e-fﬁ?c influential. The describe a separate
Prediction Indgper}dent 21 remained volumes and VBM procedure. Vselec.tl_on stopplr_1g was not perceptron accuracy 67/, externally tested inner validatiop set.
[97] validation included relapse-free; motor- MRI analysis was _identified described. The neural 0.65. External neural network External testing
96 patients froma  progression was evoked- blinded to MEP informative selected EDSS neural networks. EDSS—modgllo/ did not include covered only the
second centre. not required to potential results. predictor subsets. netwlorkt “C’la,s then accuracy was ol /o. MRI variables. EDSS/MEP model
be relapse- measures. e‘i/r? dléa sn dlgnatn and reported
independent. p accuracy only.

96-patient cohort.

https://doi.org/10.3390/app16188955


https://doi.org/10.3390/app16188955

Appl. Sci. 2026, 16, 8955 31 of 59
Table 2. Cont.
Cohort, Study Prediction MRI Feature y y d hodol )
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Exposure Horizon 8
Two-year EDSS
worsening and
>4-point SDMT
worsening were Development used
. modelled - 325 patients from Test accuracy was i
Multicentre INNT separately. A Baseline INNIquality  maging features A1 /ByC/D, divided  PialBranch 0 e N e Y Scannerheld-out st
cohort of 373 bined EDSS . control, brain were learned 70:30 int { i 3D CNN . 779 ighlighted set was small (1 = 48)
. patients-299 RRMS combine whole-brain extraction, T1/T2 icall -ou1nto training with three worsening, 67.7% periventricular and came from the
Storelli d74 i MGt T1-W and alignment and automatically and validation convolu- for SDMT regions, WM same centre
etal. and /= progressive was also T2-W MRI 1ehme - from complete T1  subsets. Final testin i worsening and glons, i ;
' MS-with follow-u : P affine registration &  tional blocks & lesions and the Worsening events
(2022)— 2205 AP reported, butits  only; clinical, to MNI152 space and T2 volumes.  ygsed 48 patients from per MRI 85.7% for the corpus callosum: were few and
Predicting at line years. t exact binary treatment and Lesions wgr o Layer-wise scanner A2, a sequence, combined model; ’glese were outcomes were
Disease baseline, 1?1/" V\;/ere outcome rule conventional manually relevance different followed by reported ualitative unconfirmed.
Progres- untreated, 50% was not clearly ~ MRI measure- propagation scanner /protocol at sensitivities were q . itiviti
; received first-line segmented and : p feature saliency findines  Reported sensitivities
sion [40] DMT and 36% stated. menté%le\fe centrally checked provided the same centre as A1; merging and 57'1%’ 60.0% and rath};r than & do not fully reconcile
received Outcomes were not but were not qualitative . no binary classi- 75.0%, respectively. uantified with the stated event
second-line DMT not inputs. di : saliency maps. independent-centre fication Test-set AUCs were q counts
’ subsequently rect inputs. validation was ’ not reported. biomarkers. ’
confirmed or performed.
required to be
relapse
independent.
Nested stratified
EDSS - 10-fold CV was used Strong design with
worerng it Domograptic, MRS LB EDSS/IDSSnetedVand
Retrospective flye years, clinical and volume and Lagged changes minority-class Meta-learner AUC: change.and geographical EPIC
two-centre cohort ~_ defined as an MRI-derived change, new were generated iohts tuned in th SVM., logistic 0.79 using all pyramidal validation, although
of 181 patients with ~ increase of >1.5 Jongitudinal lesions, from repeated e Sc% se b 1 ¢ regrfessgion, CLIMB features, function were the only the reduced
Zhaoetal,  MS (136 RRMS, 45 points from variables. The  enhancing-lesion  ¢linical and MRI dlgclilseiron thr ee S‘f éla ds random 0.78 using the most consistent common-feature
(2020)— progressive); mean baseline. complete count and brain measures: were evaluated to forest reduced predictors. MRI model could be
Predicting follow-up 3.94 Predictors were  CLIMB model parenchymal catomtioo] amine XGBoost common-feature contributed transferred.

MS cars, with 62/181 collected during  ontained 198 fraction . bgl sensitivitv-specificit Li ghtGBM CLIMB model and through lesion Prediction relied
Disease y pr’o cressing the first two derived Acquisiti on o‘r]ég?ot ‘;ngg g trad t_y ffp E y > nd 0.83 in EPIC. At activity and BPF heavily on EDSS
Cc[);lgr]se Treatment chan.ges years; featuresl; segmentatioﬁ, EPIC ' exté?nz‘fl ?zalsfda(t)fon stacked E}gféhﬁle‘%aoizg} E;f in CLIMB, while changes during the

worsening was externa isati i Tt isti - ; —edrne GM and first two years;
and relapses neither models used harmgﬂés ation pre}érocegsllgg m?rfl ElinMeéeur;zullt 10g11eS;1rCnIeI;eta achieved sensitivity ventricular-CSF treatment v}\lras not
during follow-up confirmed nor variables reproducibilit produce Lob b ) 0.78, specificity 0.76 volumes were modelled and the
were not modelled.  required to be shared with rcﬁ:e dures we¥e features. angua o bslerval‘?onz and accuracy 0.77. prominent in five-year EDSS
relapse EPIC. p N ted anWi\;}alrEaPKejs fhear:e EPIC. outcome was
independent. not reported. . unconfirmed.

applied directly to
EPIC.
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Author &  Design, Follow-Up Outcome, Input Dat P . Extracti d Data Processing and Model/ Performance Key MRI Predic- Methodological
Reference and DMT Definition and nput Lata reprocessing Xxtraction an Validation Architecture Metrics tors/Contribution Considerations
. and Segmentation Quantification
Exposure Horizon
ImageNet-
pretrained
ResNet50
One hundred was first Among selected
. Three-month- overlapping stratified ~ adapted to Sh‘;gﬁila;;lffr
Retrospective confirmed EDSS Bias correction ResNet50 learned  90:10 splits were used; brain MRI combinations Pilot study with
i ’ : : using 1833 passing the Selected .
two-centre cohort progression Baseline 3D brain extraction, features from each split contained . 8 i o overlapping 90:10
; ; ’ Pl . d d null-model criteria discriminative ppmg
Taloni of 181 patients with assessed 2-6 T1-W brain linear MNI individual 2D 163 training patients ~ independent AUCs were slices convereed splits and only six
etal., MS (136 RRMS, 45 years after MRI only; no registration and slices grouped and 18 validation scans and 0.72-0.93 coronally, mainly in froi tal progressors per
(2022)— progressive); mean baseline using clinical, intensity into four patients, including f then q 0' 81—0.90 sagittall ’ rey-matter validation set. High
Disability follow-up 3.94 baseline- treatment, normalisation. anatomical slabs only six progressors me;tune " and 0.69 % 86 Y grey-ms thi AUCs came from
Progres- ears, with 62/181 dependent lesion-mask Volumes were per orientation. i lidation. A 1 or | and .67 reglons; this lected sli
g years, C P e ¢ C 8 in validation. A tota roeression axially. Most localisat selected slice
sion progressing. EDSS or divided into axial, Informative of 1200 slab-specific I:l) & ficati licel Y- L AUC 0cal 1sat10n wag classifiers rather than
Prediction  Treatment changes thresholds. demographlc sagittal and regions were classifiers were Cszssalr:taeta%l' dissiiiel;ue;i]cems vere exp ‘?VI:S ‘;rg’t an a single patient-level
[71] and relapses Progression was predictors coronal JPEG estimated b enerated, with parat : model. No
: P not required to d slices resized to intersectin Y & ’ classifiers centred near 0.5, independently ind d
during follow-up e rcéla - were used. 224 % 224 pixels. e sli%es shce—levn(eil resgltst were trained  and no integrated validated. lnhepten ent te;t
were not modelled. indl g q ymng - compared agains for four slabs patient-level cohort was used.
independent. Sthﬂf—‘d'éa]fd null in each performance was
models. C(')trtorllalrd reported.
sagittal an
axial
orientation.
Missing longitudinal
Five-year EDSS ~ Demographic values were interpo- Baseline SVM Only 574 patients
Prospective CLIMB worsening, and clinical lated/extrap Ol.ateC! Logistic accuracy increased  BPF ranked highly entered the MRI
defined as an variables, Annual MRI was within each patient’s 0 2 40 from 0.64 to 0.70 for
cohort of 1693 EDSS and d time series. Baggin g 5 . models. Results came
patients with a increase > 1.5 et an 1 processed using a ith maiosi g% & and lin- with MRL At 12 non-worsening, from internal 10-fold
five-year visit, >3 points from U;C;;grrr‘la - prev1qusly Whole-brain wit Cllnajorltyl-.c ass ear/nonlinear months, MtRI'SVM whereas T2 lesion  CV, with several cost
Zhaoetal., clinical assessments baseline. Y described T2-lesion volume undersampling SVMs. Final = . / ser_lfs_l .1;” / volume ranked settings compared on
(2017)— and smoking Predictors were rrflelas];geij{ semi-automated, and brain produced 10 balanced analyses ity/specificity accuraC¥among predictors the same data.
Predicting history. Analyses %ollefted at pgrer?chymal ti?gprfetﬁ'tggggn parenchymal . fclassiﬁers. 4 emphasised 071 /Ov‘égl% 69: at of worsening. Imputation used
MS i aseline or . fraction; no ertormance use li SVM ’ ; hs MRIi d itudi i
Disoase usec;tlggfe%itéents through 12 or 24 frictllol’llj and Amet.hIO.d. regional, 10-fold CV; multiple mewizl;th . 62;1/%132%5171 s r:g}}},)é-g;/e long;:cl(c)irlgsl Esthent
Course 4 months; whole-brain cquisition, radiomic or cost ratios were bagoin : /2/0.71. diction: cords,
1331/1236 f 1S, _ h ggmg, I prediction; restriction to the
(74] 12-/ 2/4— (’t)}I; WOISEnIng was 12 esion scanner and raw-image comp ared, with no under -n enative extendin 1-/2-year predictor
mon : I volume. harmonisation independent - false-negative cost g ;
clinical models and not formally Longitudinal details were not features. 1% ti sampling raised 12-month observation to two windows was not
574 for MRI models. conﬁrn;ed (};r models reported in this RZ:t;icatlié%né ¢ and false- sensitivity to 0.86 years gave little stated. Treatment was
Treatment variables required to be included paper. imputation to the negative cost but reduced additional overall not modelled and
were excluded. relapse changes from P R ratios of 1-3. ificity t benefit. there was no external
. & 1-/2-year predictor Speclicity to idati
independent. baseline. year p 0.47-0.49. validation.

windows was not
stated.
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Author &  Desien, F e MRI Feature . . .
fuorks  DesgnBllaUp | Oueome jpupin  propwesing  Eundiovand | DWelmsngand | Medd/ | Pepmace  KgMRbec Modologil
Exposure Horizon and Segmentation Quantification ecture etrics tors/Contribution Considerations
Subject-grouped
60:20:20 .
EDSS train-validation-test . Sublle.Ct._ groul:zied
Retrospective worsening split. Longitudinal Ellast_lc—_net tsp litting anl
two—centrz study of around two M%-I;LAIR ComBat, feature re Orgelsstilgn Best baseline Baseline WML rocfslgilr?g_og y d
study years using , 2ge, Sex Denoisi Two hundred reduction and RFECV & , PR and NAWM p g reduce
247 patients d basel enoising, N4 balanced model: PR-AUC leakage, b
' pat] baseline- and baseline correction WML and ~ were 0.20, ROC-AUC texture, together eakage, but
Khan et al. contributing 814 dependent EDSS. super-resolution NAWM radiomic training-derived; random 0,64 sensitivity 050 with left worsening was rare
(025 — MRI sessions. thresholds. Longitudinal ~ SPeres0 oK features, 39 Optuna forest and o it 0.4 lateral-ventricle and patients could
Predicting Ba.selme analysis Baseline and models ]Jsed images ei?l(zelrislio n regional volumes, tuning/model LightGBM, and spect 1.c1ty.0.81. volume, were the contribute multiple
Disability included all outcome EDSS proportional r%m t’chin ty lesion count and selection used evaluated Best longitudinal strongest imaging MRI sessions.
Worsenirig patients; sm—mgnth values were imaging- SAMSEG ti%éu lesion volume. development data, using model: PR-AUC contributors. Centre-held-out
[14] ~ delta analysis selected within feature segmentation ar? d Volumes were with the test set gllnllgal, 0 2911' EQE'%UEOO Six-month models generalized
included 166. DMT ~ broad temporal ~ changes over LST lesion normalised by reserved for final base mel’l 07, SENSIUVILY . lesion-texture poorly, so both
exposure was not windows, and approxi- seamentation intracranial evaluation. Each MRI scllximont and specificity 0.45.  changes showed centres were pooled
reported or worsening was mately six & . volume. session was treated as N t%anfli Combined models  Jimijted predictive ~ for the final analysis.
modelled. not months. a separate combine performed poorly. value. The EDSS outcome
subsequently b : : feature
¢ observation, while all approaches used broad,
confirmed. sessions from one PP ’ unconfirmed
patient remained in follow-up windows.
the same partition.
Rand
Approximately - Sgre(;?l
Prospective Baseline 100 clinical, Quarr;lté;t;\;stRI Class-frequency classifiers i
multicentre prediction of derr_\ogr_a_phlc, Standardised 3-T included weighting addressed using P.rospec’nve
iy P it CHMICE G, e vy seite s o
patients outcomes, OCT, g’enetié post-gadolinium enhancing apd values were partly a Y Sys4MS C/1 AUCs: Baseline disabili were small and
and 98 controls principally cvtonic and. T1 MRL FLAIR new/enlarging handled by RF " ?ml EDSS-CDA 0.57, ine disability missing-value
from Barcelona, six-month- {1 i was registered to Jesions, and imputation with clinical-plus- 9HPT-CDA 0.65, measures were the imputation used all
Andorra Genoa, Berlin and confirmed p Ct)SP opro- T1 for manual normalized 10-fold CV using all 1ma%}ng, T2WT-CDA 0.50, srongest available data. Final
etal, Oslo, fpllowed for disability e(')rgic lesion whole-brain, available data. Final S SDMT-CDA 0.62, predictors. Brain S al4aMSe al'i t}na
(2024)— approximately two accumulation variab es. segmentation: grey-matter, SysdMS Omics SL25-CDA 0.80 and volume and T2 ys vaudation
Predicting ears. At baseline EDSS, 9HPT MRI gmen ; : Yy feature sets. NEDA 0.80. lesion load was not clearly
) y ) on , p dict lesion-filled T1 white-matter and model-performance H - L esion loa
Disease 70% received T25WT, SDMT predictors > thalamic 1el-p yperpa Clinical-only contributed to separated from model
Severity DMDs; 22 started and SL25. included Images were volumes. vzihdatlon was not rameters and EDSS-CDA AUC several models, development.
[99] treatment and 17 Additional actiifiilo/r; ad plggiegig?ﬁxl)zh Correlated c e?rlgy sepacll‘alted . mfeatltlre tW.aS ?1613‘2 Thle but MRI provided Barcelona provided
escalated therapy logtcgrlr\}%sDA ar}lld o Lesion and variables were develor;rIrTlIe%tGThe %‘]’é rznce re CI'E}IIHEDSSIE%Zna little incremental independent
during follow-up. include , g filtered, PCA was o Mg 8 value for licati
A §eparate P EDSS change nor};na]lzed \x)lume afnalyszs explored and Barcelona analysis O%tm}lzed mogﬁ} Cacoh%ved EDSS-CDA. riﬁ;&i?:x’;i: t
Barcelona cohort and treatment rain, ere periorme Random Forest retrained the models urig o retrained rather th
initiati -matt lly by th i - t ; than
was used for model initiation or grey-matter, centrally by the impurity because variable rammg; externally tested
redevelopment. escalation. white-matter same operator. importarice definitions differed SVMs did h y
and thalamic ranked features between cohorts. not improve unchanged.
volumes. ' for-
perfor:
mance.
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Cohort, Study Prediction MRI Feature
Author &  Design, Follow-Up Outcome, Input Data Preprocessing Extraction and Data Processing and Model/ Performance Key MRI Predic- Methodological
Reference and DMT Definition and and Segmentation Quantification Validation Architecture Metrics tors/Contribution Considerations
Exposure Horizon 8
Time to 24- .
- MCMC multiple
Individual-patient- wee(jlﬁ;c;:ﬁﬁgned imputation proc{auced All modelli Large POIOIeC!éCT
data analysis of - Baseline Models used 10 datasets: stud modelling sample wi
1582 RRMS patients 0\}?;1(“) %reisugvr:] demographic, recomputed MRI ~ No radiomic or id _af.ase % Stucy approaches showed MRI 24-week-confirmed
p to two ( P p deep-image identifier accounted limited measures progression and
from placebo arms years. The disease- measures rather p-imag for trial source. LASSO, . limited were not among :

. of ADVANCE, primary history, EDSS,  than raw images. features were Bootstrap ridge and discrimination the strongest bootstrap internal
Pellegrini DEFINE, endpoint MSFC-4, MRI acquisition, used. MRIt{?})tgts optimism-corrected elastic-net (FC-lr;ﬁex < 0.65). predictors of the Vaﬁ?atllo - gl OWever,
22— CAFHRM. | combined EDSS  Guitiiy  segmentatonand  MCRATEANE  survival Cindices  Qoxmodely oGt R e primanyouteome. B e e
(2020)— - rogression structure quality-control es1o and calibration slopes Cox-base endpoint, the three PASAT, SF-36 populations were
Prediction ~ Follow-up was up prog . MRI variables, brain-volume - SVM; and best-predictor hvsical d  highly selected, and

of to two vears: with worsening including procedures were measures: were used for internal une (3n di- del had C = 0.59 physical score an MRI i l;l P
isabili yeors n functional : not reported in di 4 validation. The main h model had L. = L. VFT ranked was available for
Disability  ADVANCE placebo 0 mua Curo a en'hancmg- this paper. MRI predictors were article does not state tional and (95% C10.57-0.61), highest, although only 44-48% in
Progres- participants (T251§V\Sf 9Ie-§PT lesion count, p Pl ot ranked and that the complete conditional  compared with C = predictor rankings ~ DEFINE/CONFIRM,
sion [100] switched to ‘ 7 T1/T2lesion ~ Wasavavaple 1or sequentially ; : survival 0.65 (0.61-0.69) for . requiring substantial
PASAT and only 44% of - imputation/model- : o : varied across req 8
egylated volumes, y combined under p random baseline MSFC-4 - E 1
_pesy VFT); brain-volur DEFINE and 48% h modelli selection process was forests. o ) modelling imputation. Externa
interferon (3-1la alternative rain-volume each modelling d withi h alone; interactions thod validation was not
after one year. Prior EDSS/MSEC- Z-score and of CONFIRM approach. repeated within eac did not improve methods. pursued because
MS treatment was based BPF. participants. bootstrap San.‘Ple: No performance. discrimination was
reported in 34.5%. definitions were external Vfahdat(lion oy
also examined. was pertormed.
Inception-
inspired 3D
Site contrast was Cl\i}ltlr é’zlth 465 pati
; e atients
pzitpsghiggt j;?rI:g acllrl(xjrlrfrﬁz 33%%‘& }gaiﬁgd Minorit}f—daSS four-piilth contril?uted 1083
A 4 i oversampling was convolu-
Placebo-arm EDSS TOWPDW e M features directly 00 g tional blocks Adding T2 and Jrepeated scat
completers from progression and FLAIR ; i rom multimoda i and two Gd-enhancin, velv
> pro extraction, N3 bias MRIL. Parallel training. Four-fold & relatively few
Tousi two multicen- within one year MRI; a second correction, Nyul . luti 1 fully lesion masks ion-labelled
ousignant tre/multiscanner after the model intensit convolutiona CV was reported connected MRI-only CNN: improved progression-labetie
etal, RRMS trials: 465 diction MRI additionally ensity pathways together with 1 Th AUC 0.660 + 0.055; discriminati scans for a
(2019)— atients prediction 4 d " normalization and captured 75/15/10 ayers. 10e MRI plus lesion lscrimination ~14M-parameter
icti patie defined by a used expert- VNI registration.  jmaci NPy approxi- . and reduced .,
Prediction contributing 1083 . corrected T2 imaging patterns train-validation-test matel masks: 0.701 + between-fold CNN. Patient-level
of Disease MRI prediction dbaSEIg‘e' ¢ and Gd- T2 masks were at different proportions, but the 14 'll'y 0.027; VGG-like variability. but the  fold separation was
Progres- instan}c?eS' treated EDg eiﬁcf(:ise enhancing automatically spatial scales;no  relationship between a-rrzrilrln:t)(g_ comparator: 0.615 learned ?r/na in maintained, but the
sion [70] ionts and : lesi k segmented and handcrafted these procedures was p + 0.053. gng 75/15/10 split-4-fold
DT i : expert-corrected; iomi : i i
ngﬁtéiﬁila; ors of 0 i_l 5 gc;mts I\Tezlgﬂnrlrgﬁ Osr pert ted; radiomics or not explained. All molglei%sed fez;t;:;fg nx:g(ce;(ﬁnot CV relationship was
- sustained for 0 P : : eLU, y
were excluded. >12 weeks. demographlc enk%;:?ilrllmlrln?sks 2ﬂi§g$1i§)§ scans from one dropout and interpreted. ) unclear. No
predictors & M lvsi patient remained in sigmoid independent external
were used. were determined anazysts was the same fold. oufput; a validation was
by two-expert performed. VG G-liké 3D performed.
consensus.
CNN was
the
comparator.
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Future EDSS, Disability Status, or Severity Trajectory
; Large multicentre
Baseline 8
: FLAIR, age " dataset with a
Multicentre OFSEP 8 Stratified 90:10 Ensemble of Tract-specific separate
challenge study. and sex. CNN i dati two3DCNN  Aggregated model ; :
. Absolute EDSS . . training-validation 851eS lesion burden, outcome-blinded
After 19 image- models N4 bias correction, CNNs learned . AP regressors, MSE 2.21 on icularly in th
quality/FOV score learned ANTS registration image features split. Validation-set rondom- validation and 3.00 particularly in the challenge test.
; approximately features from X . . errors determined hall posterior corona However, the target
exclusions, 856 two years after ~ FLAIR/WMH IE%ZICE st0m1lsed directly. Classical EDSS-range-specific forest on tC ?. enge radiata, together was absolute
Rocaetal, patients were used N | \IR template, models used age, X regressors estung, o ~
(2020)— for training and 96 é’;::lliﬁ‘:é\gég CII::s}i)csél intensity sex, acquisition F'eniemblle \:{elghts.d and a corresponding to la‘::elﬁgl-axienil{ligle twg\zﬁarriziisgziler
Prediction for validation; a was unavailable;  models used normalisation and type, ventricular o ev? Za%on th_se t UMAP- approximate volume b ; lga li
of Clinical separate therefore. EDSS. tricul resizing. A volume, a separate 2/o-patien based RMSEsof 149and . Gr o0 et ecause baseline
Disability 475-patient ereore, veniricuar pretrained and whole-brain challenge set whose predictor, 1.73 EDSS points. EDSS was
. change, volume, ; ’ EDSS outcomes were : strongly to unavailable.
[101] challenge set with confirmed whole-brain retrained CNN lesion load and ithheld £ combined The reported prediction Development used
withheld outcomes i lesion load generated lesion burden in , withiield trom using “1.7-point error” . ) .p .
) progression and esion loa - h investigators; no I Imaging-based one 90:10 split, and
was used for final PIRA were not and white-matter 60 white-matter lcoh validation- should not be Sel 7Y
testing. Treatment luated tract-specific lesion maps. tracts. external cohort derived interpreted as models prediction was poorer
inf i evaluated. 1Ct-Sp! outside OFSEP was weighted MAE. outperformed age  at the EDSS extremes;
in u(;f;rxl/i illc;rl;lzvas ;1:1ecsrloosr; Ebngflve]:\r/} tested. averaging. alone. treatment
’ . information was
regions. unavailable.
Linear and
B1and B2 Bayesian XGBoost Later-horizon
) B1 31_1d 1[3 2 s longitudinal Human- . Hyperopt-tuned regression $1/B2 MAE: analyses had fewer
ongitudinal ED EDSS trajectory entered Detailed MRI S . - 0.11/5.18. Age at onset . .
N _ N tandardised XGBoost with an for p1/B2; Iy . patients (400 at 1 year;
C L trajectory descriptors, structured acquisition, ordinal and 80/20 i ) B1-derived course dominated 379 at 10 d
ampaimonl descriptors, plus plus categorical ~ findings from preprocessing, binary MRI fitting-evaluation mtio 1111;rircna classification: AUC ~ p1/p2 prediction, 1ad Clyears])E ]a)n
(2e()t2?15,— categorical EDSS EDSS prediction  baseline MRI harmonigation,d findings were split and stratified reg§essior1 0 géf 65{551?1‘8;?‘]3%8 whereas the o lCllzzl‘;se;al:ll?he %
Prediction ~ Predictionat1,2,5  at1,2,5and10  Plussexand segmer}tat%on‘a.n used; no five-fold CV. The and XGBoost Future EDgS 0 baseline MRI relationship between
age at MS reader-reliabilit - h p fyiatn (t) finding of >9
of MS Pro- and 10 years. years. EDSS(0) & Y raw-image, voxel ~ relationship between  classification  AUC / 1 nemng of = the 80/20 split
ression EDSS(0) was was onset; methods were not 2 the holdout split. CV for EDSS(t) accuracy: Ly brain lesions was ) Pt
& cross-sectional and ~ cross-sectional ~ XGBoost did reported for the or radiomic € noldout spit, H : 0.91/0.78;2y the strongest five-fold CV and
[102] not analvse features were and hyperparameter yper 0.86/0.75; 5 iy Hyperopt tuning was
should not be and should not y structured MRI extracted funing was not optimised - /2,0y EDSS(t) classifier
treated as future be treated as MRI voxels findings. ’ clearl dgscribe 4 No XGBoost 0.88/0.79; 10 y feature. ung:ﬁgalggrf’xirsnal
prediction. future directly. Y o erformed 0.89/0.73.
prediction. external validation. p best performed.
est.
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Three LSTM
regression
models:
Regression initial
prediction of Fizg /\/ari.ab}es with au;g(rjlglble
continuous >40% missingness I ,
Retrospective fifth-year EDSS hi were removed; CART ~ GridSearch- MRI lesion Only 1800/3033
two-centre MSBase from baseline emographic, . was selected over optimised descriptors records were
cohort of 1000 d earli re- MRI lesion MICE, RFand KNN ~ model and howed included.
RRMS patients afnll Swop. lapse/treatment,  findings were for imputation feature- o L RMSE 146y > v, _sotme Training-only
Kirkbi selected g om 3033 o l())lw_u"ll?h KFS and recorded as Final correlation- follogved b ! selected Grlzdlszier%M(iqel ass 2‘)1 Cril:;t]iaorrlg xeNith preprocessing and
1rkbir e all with > Vvariables. 1he EDSS categorical text based selection vea by GridSearch o fthe feature selection were
etal, recor s’,fa qut 25 timing of the variables plus variables; retained 12 standardisation. A model. The feature-selected fifth-year EDSS, not stated, and the
(B glovin Cend e s woRRebss  mndmil Rty MedddOSELD. oo LG
i 8 -Te Teporte predictor visit is entered segmentation, variables; no MRI velop used two MRI-containi final model: pri inconsistently
L 1sease_ to receive f.1rst-l10r1e inconsistently categorical harmonisation, predictor split was re‘por'ted, hidden -containing nal model; prior reported. Al three
rogres treatment; 89.8% reported as 12 MRI lesion quality control remained in but the _vahda’non layers of 10 models were EDSS ?ﬂd del
ion [83] started treatment . Models 1-2; Model ramidal models were
se ithi versus 24 descriptors and reader Model 3 fraction was and 50 units 0ae’s 1y VIOGe py 4 on th
within two years, months. The Raw lli/[RI : reliability were : inconsistent. Adam. ReLU, 3 contained no MRI  functional-system compared on the
but treatment target was images were ot re t(})’rte d Training-only d rop(;ut 0.1” predictor. scores were same tsest set; the c{nllal
changes were not future EDSS ot used. P . preprocessing and batch size 64 strqnger g)l\;[taliinlégﬁnrg(ﬁm%
modelled. status, not outcome-based and 100 predictors. redictor
confirmed feature selection were epochs. predictor.
progression or not stated. Sequence
PIRA. construction
was
insufficiently
described.
For cognitive
change .
o X i Only 43 patients were
c}lil:r? }:;ai; Brain, GM, WM, mul}untodal MR m}:)delﬁed from 76
i CSF and lesion eatures : .
Prospective tARCS, SDMT, Seventy volumes; DTI GLMnet/ caret Penalised outperformed candidate predictors.
Australian RRMS nit . 2 . Regularisation was
Al-Tedani cohort (1 = 43) cognitive baseline SIENAX/FSL/SPM12 metrics (FA, MD, framework. Ridge, regression AEDSS R* = 0.25. conventional gd but protected
etal. followed for 5 dognsalns ar}llql multimodal and lesion-growth RD, AD); Lasso, and Elastic Net (Ridge, Secondary volumetrics al_one. used, 111 pf.o ecte
(2024)— years. DMTs were EDSS. For this MR rfneasures segmentation for regional MRS evaluated using Lasso, Elastic cognitive models: MRS metabolites, internal va lldatllon
Prediction i progress on rom structural /lesion metabolite RMSE-based model Net). Lasso AtARCS R? = 0,54 FA measures, was not clearly
dimethyl fumarate review, AEDSS structural ; CSF/lesion reported and there
of (n =9), fingolimod is the relevant MRI/FLAIR, measures; MR- measures. Best selection. No external performed and ASDMT R? = d P
Cognitive o 21g disabilit DTI and MRS trix/FSL/ ANTs model validation; internal best for 0.39; post-hoc Measures an was no external
Decline o (n=21)and ty ] for DTL LCModel incorporated validation procedure 5-year binary AtARCS dlsease duration validation. The AUC
[103] injectables (1 =13);  outcome; binary Pl}ls s1X for MRS multimodal incompletel tARCS nary contributed to the =0.92 relates to an
10 patients relapsed cognitive clinical ) . - p y Ay decline AUC = 0.92. tARCS model; arbitrar
p 1% imaging features rey d Y
. H ; orted. prediction. - .
durlng follow-up, decline was pl‘edlctOI‘S. and disease P exact selected cogmtlve-declme
defined post hoc - redictors for
duration. threshold, not the
as AtARCS < 0. AEDSS were not AEDSS model.

reported in the
main paper.
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Exposure Horizon
RRMS-to-SPMS Conversion
Whole-dataset
outcome screenin,
Three-month Lower global/GM preceded RF/ OO]%
relapse-free Baseline volume and evaluation, which the
Prospective Confirm_ed EDSS C}I:?H}Oi. ical . W}}ole—data_set defal_llt—mode, authors
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2D, two-dimensional; 3D, three-dimensional; DGM, deep grey matter; 9HPT, Nine-Hole Peg Test; ANTs, Advanced Normalization Tools; AUC, area under the
curve; AUROC, area under the receiver operating characteristic curve; BPF, brain parenchymal fraction; CART, classification and regression tree; CATE, conditional
average treatment effect; CCDP24, 24-week confirmed composite disability progression; CDA, confirmed disability accumulation; CDMS, clinically definite
multiple sclerosis; CI, confidence interval; CIS, clinically isolated syndrome; CNN, convolutional neural network; CSF, cerebrospinal fluid; CV, cross-validation;
DBM, deformation-based morphometry; DIR, double inversion recovery; DIS, dissemination in space; DL, deep learning; DMD, disease-modifying drug; DMT,
disease-modifying therapy; DOR, diagnostic odds ratio; EDSS, Expanded Disability Status Scale; EHR, electronic health record; EPTS, evoked-potential time series;
FLAIR, fluid-attenuated inversion recovery; FSL, FMRIB Software Library; GM, grey matter; HR, hazard ratio; ICA, independent component analysis; KFS, Kurtzke
Functional Systems Score; kKNN/KNN, k-nearest neighbours; LASSO, least absolute shrinkage and selection operator; LSTM, long short-term memory; MAE,
mean absolute error; MALF, multi-atlas label fusion; MCC, Matthews correlation coefficient; MCMC, Markov chain Monte Carlo; MEP, motor-evoked potential;
MICE, multiple imputation by chained equations; ML, machine learning; MLP, multilayer perceptron; MNI, Montreal Neurological Institute; MRI, magnetic
resonance imaging; MS, multiple sclerosis; MSE, mean squared error; NAWM, normal-appearing white matter; NEDA-3, no evidence of disease activity-3; NE-T2,
new/enlarging T2 lesions; NPV, negative predictive value; OCB, oligoclonal bands; OCT, optical coherence tomography; OOB, out-of-bag; PCA, principal component
analysis; PD, proton density; PDDS, Patient-Determined Disease Steps; PIRA, progression independent of relapse activity; PIRMA, progression independent of
relapse and MRI activity; PPMS, primary progressive multiple sclerosis; PPV, positive predictive value; PR-AUC, area under the precision—recall curve; qMRI,
quantitative magnetic resonance imaging; RBF, radial basis function; ReLU, rectified linear unit; RF, random forest; RFE, recursive feature elimination; RFECV,
recursive feature elimination with cross-validation; RMSE, root-mean-square error; ROC, receiver operating characteristic ROC-AUC, area under the receiver
operating characteristic curve; ROI, region of interest; RRMS, relapsing-remitting multiple sclerosis; RSF, random survival forest; SD, standard deviation; SDMT,
Symbol Digit Modalities Test; SEL, slowly expanding lesion; sGFAP, serum glial fibrillary acidic protein; SHAP, SHapley Additive exPlanations; SMOTE, Synthetic
Minority Over-sampling Technique; sNfL, serum neurofilament light chain; SPMS, secondary progressive multiple sclerosis; SP-RiSc, secondary progressive risk
score; SuStaln, Subtype and Staging Inference; SVC, support vector classifier; SVM, support vector machine; T25FW, Timed 25-Foot Walk; T25WT, Timed 25-Foot
Walk Test; UMAP, Uniform Manifold Approximation and Projection; VFT, verbal fluency test; WML, white matter lesion; XGBoost, eXtreme Gradient Boosting;
tARCS, Total Audio Recorded Cognitive Screen score; LCModel, Linear Combination Model.
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7. Emerging Directions in AI for MRI Analysis

Emerging Al methods are beginning to reshape MRI analysis in MS by moving beyond
narrowly task-specific models toward reusable representations, collaborative training
strategies, and more interpretable systems. This shift is especially relevant in MS, where
scanner variability, modest cohort sizes, and the need for longitudinal monitoring have
traditionally limited robustness and generalizability. Recent MS-focused reviews also note
that many methods remain early-stage, but the field is clearly moving toward larger, more
transferable, and clinically deployable frameworks [107].

One important direction is the rise of foundation models for medical imaging. In
general terms, foundation models aim to learn broad reusable image representations that
can later be adapted to multiple downstream tasks rather than retrained from scratch
for each one. In MRI, Sun et al. reported a foundation model for motion correction,
resolution enhancement, denoising, and harmonization, trained on a large and diverse
set of images and shown to handle pathological brains including MS. Their model also
improved downstream segmentation, registration, and diagnostic tasks, suggesting that
foundation-style models may become valuable early-stage components in MS MRI pipelines
as universal preprocessors or representation backbones [108]. A more recent example is
BrainIAC, a general-purpose brain MRI foundation model trained with contrastive self-
supervised learning and validated across seven downstream applications, showing how
large pretraining quantities can support transferable latent representations for later task
adaptation [109].

Closely related to this is self-supervised and contrastive learning, which reduce de-
pendence on expensive manual labels by learning useful representations from unlabeled
images. A systematic review of self-supervised learning in medical imaging found that
self-supervised pretraining generally improves performance over purely supervised train-
ing and grouped current methods into contrastive, generative, innate-relationship, and
self-prediction strategies [110]. This is particularly relevant to MS, where lesion labels,
progression labels, and harmonized multicenter annotations are costly to obtain [111]. The
BrainIAC study is also important in this context because it shows how contrastive SSL can
be scaled to large brain MRI collections and then adapted to downstream tasks, providing a
concrete example of how self-supervised learning and foundation modelling are beginning
to converge [109].

Another key direction is federated learning and privacy-preserving Al In MS, Hindawi
et al. demonstrated a real-world, multicenter federated learning framework for lesion
segmentation using nnU-Net, trained across three sites and 512 MRI cases without sharing
raw patient data. Their study is important not only because it showed technical feasibility,
but also because it addressed the practical regulatory and governance barriers that often
prevent centralized pooling of MS MRI data. For future progression modelling, this kind
of distributed training is likely to be increasingly important, particularly when multi-site
robustness is needed [112].

Explainable Al is also emerging as a central requirement for clinical translation. In
progression modelling, Campanioni et al. used baseline MRI and SHAP-based analysis to
predict MS trajectory descriptors while identifying which features most strongly influenced
model output [102]. At the segmentation level, Spagnolo et al. proposed instance-level
explanation maps for MS lesion segmentation by extending SmoothGrad and Grad-CAM++
and showed that the model relied more on FLAIR than MPRAGE, with lesion-border
context contributing to detection [113]. These studies are useful because they move beyond
generic black box prediction and begin to connect Al decisions back to anatomically and
clinically interpretable MRI patterns.
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Large-scale and multi-center MRI resources are another major driver of progress.
MindGlide showed how DL can repurpose large routine MRI archives by learning to extract
brain region and WM lesion volumes from single contrast MRI; it was trained on 4247 scans
from 2934 MS patients across 592 scanners and externally validated on 14,952 scans from
1001 patients [114]. At a broader disease-modelling level, Eshaghi et al. used MRI-based
unsupervised ML to identify three data-driven MS subtypes from a training cohort of 6322
patients, with an independent validation cohort of 3068 patients, and showed that these
subtypes differed in disability progression and treatment response [115]. Together, these
examples show that larger and more heterogeneous MRI collections are not only improving
validation but are also enabling new biological and prognostic questions to be addressed.

Overall, these emerging directions suggest that the next phase of Al for MS MRI
analysis will move beyond isolated single-task models toward more robust and clinically
useful frameworks. For MS specifically, the most important near-term advances are likely to
come from integrating these developments across the full MRI pipeline, from preprocessing
and biomarker extraction to prognosis and treatment-response modelling.

8. Discussion

The central finding of this review is that MRI-based prediction of MS progression
should be considered as a complete analytical pipeline rather than as the performance
of a single algorithm. Image quality, spatial alignment, intensity standardization, harmo-
nization, segmentation, feature construction, data processing, and outcome modelling are
closely connected. Errors or variability introduced at an earlier stage may affect lesion
or tissue measurements and can subsequently influence the predictive model. This is-
sue is particularly relevant in multicenter and longitudinal studies, where differences in
scanners, acquisition protocols, and image-processing procedures may resemble disease-
related change. Reported model performance should therefore be interpreted in relation
to the complete MRI and modelling workflow rather than the final classifier or neural
network alone.

The reviewed studies also demonstrate that the prognostic information contained
in MRI extends beyond conventional lesion count and total lesion volume. These mea-
sures remain useful indicators of inflammatory lesion burden, but lesion shape and spatial
distribution provided additional information for predicting conversion from CIS to MS
or CDMS [60-62]. Grey-matter and deep-grey-matter measures also contributed to pre-
diction across CIS conversion, PIRA /disability progression, and RRMS-to-SPMS transi-
tion [85,91,93,96,104,105]. Radiomic and other high-dimensional MRI features contributed
to disability-worsening prediction [14,94,95], while learned MRI representations also sup-
ported future lesion-activity and disability prediction [40,70,72,79,82,90]. These findings are
consistent with the clinico-radiological paradox, because lesions with similar total burden
may differ in their anatomical location, structural characteristics, and clinical effect [8]. The
selection of imaging biomarkers should therefore be related to the intended prediction
outcome rather than based only on increasing the number of available imaging features.

The evidence did not show that increasing model complexity consistently improved
prediction. Classical ML approaches remained effective when MRI information was repre-
sented by structured and interpretable variables, including lesion geometry, lesion burden,
regional measures, radiomics, and combined imaging and clinical variables. DL approaches
were more directly suited to settings in which prognostic representations were learned
directly from MRI volumes or other high-dimensional imaging inputs [40,70,72,79,90,101].
These approaches address different modelling requirements and should not be compared
only according to the highest reported AUC or accuracy. More informative comparisons
require evaluation on similar populations and outcomes and comparison with simpler clin-
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ical or lesion-based models. This is particularly important for multimodal models because
improvements in predictive performance may partly arise from age, baseline disability,
treatment information, or other clinical variables rather than from MRI alone.

A major challenge was the heterogeneity of outcomes described as MS progression.
The included studies addressed six main prediction settings: CIS-to-MS or CDMS conver-
sion, future patient-level lesion or MRI disease activity, PIRA /PIRMA, disability worsening
or confirmed progression, future EDSS or disability status, and RRMS-to-SPMS transi-
tion. These outcomes represent different aspects of disease evolution and are not directly
interchangeable. Formal composite endpoints also differed in purpose. Yoo et al. used
CIS-to-MS conversion according to the McDonald diagnostic criteria [89], whereas Shen
et al. used 24-week confirmed composite disability progression based on EDSS, T25FW,
and 9HPT [96]. These predefined diagnostic or disability composites were distinguished
from generic non-separable disease-activity composites when determining eligibility. Even
within disability-related studies, operational definitions differed substantially. Poretto
et al. used non-confirmed PIRA at Month 36 [76], lanniello et al. required PIRA to be
confirmed after 24 weeks and sustained for at least 12 months [92], and Cagol et al. used
relapse-independent EDSS worsening confirmed for at least six months [93]. In contrast,
Aerts et al. evaluated unconfirmed EDSS worsening [94]. These differences in confirmation
requirements, relapse independence, and follow-up duration limit direct comparison of
model performance across studies. Direct Al-based prediction of RRMS-to-SPMS transition
remained uncommon and was identified in Rocca et al. [104], Pisani et al. [105], and Sec-
cia et al. [106]. Consequently, similar performance measures may represent substantially
different prediction tasks, emphasizing the need for consistent outcome definitions and
prediction horizons.

At the level of the included studies, validation design remained one of the most impor-
tant methodological limitations. Cross-validation was widely used, but its implementation
differed considerably across studies. Table 2 also shows that feature selection, imputation,
preprocessing, hyperparameter selection, and other data-dependent procedures were not
always clearly confined to the training data. In some studies, predictor screening or feature
selection was performed before cross-validation or before internal evaluation. In others,
the relationship between preprocessing, model selection, and the reported validation proce-
dure was unclear. These practices can lead to optimistic performance estimates because
information from the evaluation data may indirectly influence model development. Patient-
level separation and clear placement of all data-dependent procedures within the training
process are therefore essential when evaluating MRI-based progression models.

External validation was also limited compared with internal evaluation. Several
studies used independent cohorts or second-centre datasets, but many relied entirely on
cross-validation, internal holdout testing, or out-of-bag evaluation. The methodological
information summarized in Table 2 further indicates that some studies repeated model
development or feature selection in an independent cohort rather than applying a com-
pletely fixed model. Such studies provide useful evidence of reproducibility, but they do
not provide the same evidence as direct evaluation of a previously developed model in
an independent population. Furthermore, reductions in performance were observed in
some external evaluations, illustrating the challenge of maintaining predictive performance
across scanners, sites, and populations. Generalizability therefore remains insufficiently
established for many of the reviewed approaches.

Differences in study populations and treatment exposure provide an additional source
of heterogeneity. The included studies ranged from clinical-trial and registry populations
to single-centre observational cohorts, and DMT exposure was handled inconsistently.
Some studies included treatment-related variables in the prediction model, whereas others
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included treated populations without explicitly modelling treatment effects, and several
studies did not report treatment information. This issue is particularly relevant to PIRA-
related prediction. Poretto et al. incorporated treatment lag and DMT efficacy among the
candidate predictors [76], whereas treatment use was not incorporated into the prediction
model in Coll et al. [72]. Differences in DMT exposure and treatment changes may therefore
influence subsequent progression trajectories and complicate interpretation of the inde-
pendent contribution of MRI biomarkers. The available reporting also provided limited
evidence for assessing generalizability across pediatric populations and across racially or
ethnically diverse groups. These factors should be considered when determining whether
a model developed in one cohort can be applied to a broader MS population.

Some included publications also analyzed overlapping patient populations, which
should be considered when interpreting the overall evidence. Aksoy et al., Haouam
and Benmalek, and Rasouli et al. were based on the same or substantially overlapping
Mexican CIS source cohort, although the analytic samples, preprocessing, and modelling
approaches differed between reports [62,78,86]. Similarly, Yoo et al. (2016) and Yoo et al.
(2017) analyzed the same 140-patient cohort, with the later study extending the earlier
model by incorporating additional clinical and MRI variables [77,89]. These studies were
therefore treated as separate modelling reports but not as independent patient cohorts or
independent replications of predictive performance. Consequently, concordant findings
across these publications should not be interpreted as equivalent to replication across
independently recruited populations, and participant numbers from overlapping reports
should not be summed as unique evidence.

Sample size and the number of progression events also require careful consideration.
Cohort sizes varied markedly across the reviewed studies, ranging from 40 patients in
Yilmaz Acar et al. [82] to 1817 participants in Durso-Finley et al. [79]. Such differences
limit direct comparison of reported predictive performance across studies. Several studies
also evaluated large numbers of imaging features or complex models despite relatively
small numbers of patients or progression events. A large total cohort does not necessarily
provide strong model-development evidence when the outcome event is uncommon, and
small event numbers may increase uncertainty in performance estimates. More generally,
limited event numbers combined with multiple predictors, feature-selection procedures, or
model configurations may produce unstable internal estimates that require evaluation in
larger independent cohorts.

The evaluation measures reported across studies were similarly heterogeneous. Ac-
curacy, sensitivity, specificity, and AUC were frequently used for classification outcomes,
whereas regression and survival models required different measures. Roca et al. evalu-
ated continuous two-year EDSS prediction using MSE [101], while Cagol et al. [93] and
Coll et al. [72] used concordance-based measures for time-to-PIRA prediction. Calibration
was reported much less frequently. A model may distinguish higher-risk from lower-risk
patients while still providing inaccurate estimates of individual risk. The absence of cali-
bration, confidence intervals, or other measures of uncertainty in many studies therefore
limits interpretation of the clinical reliability of reported performance. This limitation is
particularly important in studies with small event numbers or substantial class imbalance.

Reproducibility of imaging features also remains important. The included radiomics
studies demonstrated different levels of reporting for feature extraction, preprocessing,
feature reduction, harmonization, and standardization [14,92,93]. Explicit IBSI-related
reporting was not consistent across the included progression-prediction studies. The use
of PyRadiomics alone should not be interpreted as evidence of complete standardization.
More consistent reporting of feature-extraction settings and reproducibility procedures
would improve comparison of radiomic findings across studies. Similarly, lesion masks
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and tissue measures should not automatically be considered error-free predictors, because
segmentation performance may vary across scanners and methods [13,49,52]. The relia-
bility of downstream prediction therefore remains dependent on the stability of imaging
biomarkers entering the model.

Interpretability methods such as feature-importance analysis, SHAP, regional rele-
vance maps, and saliency approaches provided useful information about the imaging and
clinical variables contributing to prediction [62,72,84,93,100]. However, identification of an
influential feature or anatomical region does not by itself demonstrate that the association is
biologically stable or clinically generalizable. Interpretability findings should therefore be
considered together with validation design, cohort size, imaging reproducibility, and consis-
tency across independent populations. This is particularly relevant when high-dimensional
imaging features are reduced to a small number of apparently important predictors.

8.1. Methodological Quality, Risk of Bias, and Applicability of the Prediction Evidence

The PROBAST + Al assessment provides an additional perspective on the prediction
findings synthesized in this review. The detailed model- and evaluation-stage assessments
are presented in Table 3, and the corresponding study-level summary across the six MS
progression-prediction categories is shown in Table 4. Among the 37 included studies,
model Development was rated as High methodological concern in 35 studies and Unclear
in two, whereas Evaluation was rated as High risk of bias in all 37 studies. Applicability
showed a substantially different pattern, with Low concern in 32 studies, Unclear concern
in two, and High concern in three. These findings should not be interpreted as indicating
that the reported prediction results lack value. Several studies demonstrated encouraging
discrimination and showed that MRI-derived information can contribute to prediction of
future MS-related outcomes. Rather, the PROBAST + Al findings indicate the methodologi-
cal conditions that influence how confidently those performance estimates can be expected
to reproduce in new patients.

Development, Evaluation, and Applicability address different aspects of the evidence.
Development reflects how appropriately a model was constructed, Evaluation reflects the
reliability of its performance assessment, and Applicability reflects alignment with the
review question. This distinction is important because a clinically relevant model may still
require stronger development or evaluation procedures.

Several practices observed across the reviewed studies provide a useful foundation
for future research. Predictor information was commonly collected before the future out-
come, MRI or MRI-derived variables were incorporated directly into prediction, and many
studies used cross-validation, holdout testing, out-of-bag evaluation, or independent co-
horts rather than reporting training performance alone. Regularisation, dropout, early
stopping, patient-level data separation, nested cross-validation, multicentre datasets, and
independent-cohort assessment were also used in parts of the literature. These are impor-
tant strengths. The assessment nevertheless shows that a Low-concern Development or
Low-risk Evaluation judgement generally requires these safeguards to be applied consis-
tently across the complete modelling pipeline, rather than relying on one methodological
strength in isolation.

The clearest opportunities for improvement were concentrated in the analysis and
evaluation process. Future studies should plan the sample size and number of outcome
events in relation to the number of candidate predictors and model complexity. They
should also document participant exclusions and missing-data handling and maintain
strict patient-level separation between model development and evaluation. Importantly, all
data-dependent operations, including imputation, normalization or harmonization, feature
selection, predictor screening, and hyperparameter optimization, should be fitted using
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the training data only. When resampling is used, these procedures should be repeated
within each training fold rather than performed once before cross-validation. The reviewed
literature already recognizes this issue: feature selection, imputation, preprocessing, and
hyperparameter selection were not always clearly confined to the training data.

Class imbalance also requires careful treatment. Oversampling, undersampling,
SMOTE, balanced bootstrapping, or class weighting can be useful during model devel-
opment, particularly for uncommon progression outcomes. Future studies should clearly
report where these procedures are applied and evaluate the final model under the outcome
distribution expected in the target population. Where imbalance correction changes pre-
dicted probabilities, recalibration should also be considered. Similarly, external validation
should ideally evaluate a fully specified and locked model in an independent population
without repeating feature selection, tuning, or model fitting. Redevelopment in a second
cohort provides useful evidence of reproducibility but should be distinguished from vali-
dation of the original fixed model. This distinction was relevant in the reviewed literature,
where some independent cohorts were used for renewed model development rather than
direct testing of a previously fixed model.

A particularly important gap was the completeness of performance evaluation. Dis-
crimination and classification measures such as AUC, C-index, accuracy, sensitivity, speci-
ficity, precision, and F1 score were commonly reported, whereas calibration was much less
consistently assessed. For individualized prognosis, these properties are complementary:
discrimination describes how well a model separates patients with different outcomes,
whereas calibration determines whether predicted risks agree with observed risks. Future
studies should therefore report calibration together with discrimination, appropriate un-
certainty estimates, and, where clinically relevant, measures of clinical utility. Predictor-
and outcome-assessment independence should also be reported more explicitly. Where
a variable used as a predictor is closely related to, or contributes to, the definition of the
later outcome, its role should be clearly justified because this can affect the independence
of prediction and outcome assessment.

Overall, the PROBAST + Al assessment indicates that the current evidence is highly
relevant to MRI-based MS progression prediction, as reflected by the predominantly Low
applicability concern. The main opportunity is therefore to strengthen how promising
models are developed and evaluated so that their reported predictive value can be estab-
lished more confidently across independent populations. More rigorous and transparent
validation will help translate the prognostic information already demonstrated in this field
into reproducible and clinically useful prediction tools.

8.2. Limitations

This systematic review has some limitations. The included studies were heterogeneous
in study population, MRI representation, prediction outcome and definition, follow-up
duration, modelling approach, and reported performance measures. This heterogeneity
limited direct comparison between studies and prevented meaningful quantitative pool-
ing of predictive performance. Methodological reporting was also incomplete in several
primary studies, particularly for preprocessing and feature selection within validation
procedures, missing-data handling, class-imbalance management, calibration, treatment
exposure, and external validation. These reporting gaps also affected the PROBAST + Al
assessment; where the information required for a signalling question was not reported
in the article or available Supplementary Material, it was recorded as No Information
rather than inferred. Therefore, some uncertainty in the assessment reflects limitations in
reporting as well as limitations in study design. Although PROBAST + Al provides struc-
tured criteria and guidance, some domain-level and overall judgements require reviewer
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interpretation; consequently, individual ratings in Tables 3 and 4 may vary to some extent
between assessors. This potential variability was considered when interpreting the overall
assessment findings. Finally, the review was not prospectively registered, and no separate
review protocol was prepared.
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Table 3. Detailed PROBAST + Al assessment of model development quality, model evaluation risk of bias, and applicability for the included studies and distinct

model or evaluation stages.

Overall
Dev Dev Dev Dev Overall App App App Overall
No. Study/Model/Stage Assessment Type D1 D2 D3 D4 Dev }E{‘:;s D1 D2 D3 App
CIS-to-MS/CDMS conversion
Tayyab et al. Development +
la (2023)—RFexclude [85] evaluation E E 181 = 151 16! E E E E
1b Tayyab et al. (2023)—RFnaive Developrr}ent + L L H H H H L L L L
[85] evaluation
lc  Tayyabetal (023)—PRE[s5]  Development+ L L H H H H L L L L
evaluation
Aksoy et al. Development +
2 (2025)—SeruNet-MS [86] evaluation e L g L2l 12! E L L L L
Wottschel et al. Development +
3 (2019)—SVM-RFE [87] evaluation E E E ! 5 E E E E E
Yoo et al. (2016)—CNN with Development +
4 EDT + pretraining [77] evaluation o g . & 5! 2! g g . E
Wottschel et al. Devel t
5a (2015)—SVM/{RFE, 1-year e"eaﬁfartr.‘eﬁ H L L H H H L L L L
CDMS [88] evaiuatio
Wottschel et al. Development +
5b (2015)—SVM/{REFE, 3-year val P ton H L IL H H H L L IL L
CDMS [88] evaiuatio
Yoo et al. (2017)—CNN with
EDT + pretraining + Development +
6 user-defined MRI/ clinical evaluation = L = = =l = L L L L
features [89]
Haouam & Benmalek
7 (2024)—Random Eorgst (flnal Development + U U U H H H L U U U
model; common pipeline with evaluation
XGBoost/DT/LR) [78]
Bendfeldt et al. Devel t
8a (2019)—nonlinear RBF-SVM eve Dprien L L L H H H L L L L
. evaluation
lesion-geometry models [61]
Bendfeldt et al. (2019)—linear Development +
8b SVM cortical-GM analysis [61] evaluation E B E = 15! el E B E E
Rasouli et al. Development +
9 (2024)—XGBoost [62] evaluation E E 1! Al 15l 1! L E L E
10 Zhang et al. (2019)—oblique Development + L L L H H H L L L L

random forest [60]

evaluation
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Table 3. Cont.

Overall
Dev Dev Dev Dev Overall Eval App App App Overall
No. Study/Model/Stage Assessment Type D1 D2 D3 D4 Dev D1 }5{\:;31 D1 D2 D3 App
Future lesion or MRI disease activity
Yilmaz Acar et al. Development +
11 (2022)—3D-DWT + SVM/ML . 18) L H H H U H IL L L IL
- evaluation
classifiers [82]
Mohammadi Sepahvand et al.
(2019)—3D CNN with Development +
12 baseline MRI =+ lesion labels evaluation . L L H H Y H L L L L
[90]
Durso-Finley et al.
(2022)—multi-head Development +
13 ResNet/ TARNET evaluation u L u u u u H L L L L
lesion-count model [79]
PIRA /PIRMA prediction
Marastoni et al. Development +
14 (2025)—MRI/CSF RF + . 18) L 18) H H 19) H H L L H
Cox/ROC [91] evaluation
Tanniello et al. (2026)—Naive Development +
15a Bayes, 24-month PIRA [92] evaluation 15! E 1] = 15! 151 E E Lk L E
Tanniello et al. (2026)—Naive Development +
15b  Bayes, Month-24 landmark — DA H L H H H H H L L L L
Month-36 PIRA [92] evaluation
Cagol et al. (2026)—Cohort 1 Devel t
16a Boruta/RF evelopmen U L L H H U H L L L L
. e evaluation
survival/classification [93]
Cagol et al. (2026)—Cohort 2 Development +
16b independent redevelopment evalfa ton U L L H H U H L L L L
Boruta/RF [93]
Cagol et al. (2026)—4-variable Development +
16c ridge-Cox PIRA risk score [93] evaluation e L L L&l Le! o E L L L L
Coll et al. (2025)—EfficientNet Development +
17a discrete-time survival model pm U L L H H U H IL L L IL
172] evaluation
Coll et al. (2025)—locked
17b external MS PATHS Evaluation only U H L L L L
evaluation [72]
Poretto et al. (2025)—Random Devel te
18 Forest with randomized evelopmen L U H H H L H L L L L

nested grid-search CV [76]

evaluation
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Table 3. Cont.

Dev Dev Dev Dev Overall Eval App App App Overall
No. Study/Model/Stage Assessment Type D1 D2 D3 D4 Dev D1 D1 D2 D3 App
Disability worsening or confirmed progression
Aerts et al. Development +
19 (2026)—multimodal 1 P i H U H H H H L L L L
MRI/EPTS ML [94] evaluation
20 Wang et al. (2025)—DP Developrr}ent + H L H H H H L L L L
combined nomogram [95] evaluation
Shen et al. (2025)—CCDP24 Development +
2la RSF/CNN [96] evaluation L E E 2! 157 E B B E B
Shen et al. (2025)—sustained Development +
21b T25FW progression [96] evaluation u L H H H U L L L L
Bejarano et al.
(2011)—confirmed Development +
2 disability-progression NNet evaluation u L H H H u L L L L
[97]
Storelli et al. Development +
23a (2022)—EDSS-based 3D CNN, pm U L U H H U L L L L
X o , evaluation
internal validation [40]
Storelli et al.
23b (2022)—independent scanner Evaluation only 8] L L IL L
holdout [40]
Zhao et al. (2020)—nested Development +
24a CLIMB internal evaluation pm U U H H H U IL L L IL
98] evaluation
Zhao et al. (2020)—EPIC .
24b external evaluation [98] Evaluation only U IL L L IL,
Taloni et al. Development +
25 (2022)—slice-based ResNet50 ceve fp tAe U L L H H U L L L L
EDSS discriminators [71] evaiuation
Zhao et al. (2017)—SVM/LR Development +
26 CLIMB models [74] evaluation E U o = 15! J E Lk E E
Khan et al. (2025)—FLAIR Development +
2 radiomics ML [14] evaluation L& L v L8] L&! L&l L L E L
Andorra et al. Development +
28a (2024)—Sys4MS Random P U L U H H U L L L L

Forest models [99]

evaluation
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Table 3. Cont.

Overall
Dev Dev Dev Dev Overall Eval Eval Eval Eval App App App Overall
No. Study/Model/Stage Assessment Type D1 D2 D3 D4 Dev D1 D2 D3 D4 }S{\:;}l D1 D2 D3 App
Andorra et al. Devel -
28b (2024)—Barcelona cohort DAL U U U H H U U U H H L L L L
redevelopment [99]
Pellegrini et al. (2020)—six Development +
29 prognostic modelling DAL H U H U H H U H H H L L L L
strategies [100] evaluatio
Tousignant et al. (2019)—3D Development +
30 CNN MRI = lesion masks [70] evaluation L&] L L L& L&! L&} L L L&l E L L L L
Future EDSS, Disability Status, or Severity Trajectory
Roca et al. Devel b
31 (2020)—multimodel EDSS ee"eaﬁf’argeﬁ L L U U U L L 18] H H L L L L
regression ensemble [101] v 0
Campanioni et al. Development +
32a (2024)—p1/ B2 trajectory oval pation L U U U U L U U H H L L IL L
models [102] u
Campanioni et al. Development +
32b (2024)—future EDSS(t) 1 P tion IL U 19) H H L 19) U H H IL L L IL
classifiers [102] evaiuatio
Kirkbir et al. Development +
33a (2025)—GridSearch LSTM cve fp t.e H H U H H H H U H H L L L L
with all-variable input [83] evaluation
Kirkbir et al. (2025)—final Development +
33b feature-selected LSTM [83] evaluation = E . = Ll L&l g = L&l Ll LL L&l L =
Al-ledani et al. (2024)—5-year Development +
34 AEDSS penalised regression cvelopme U L L H H U L L H H L L L L
[103] evaluation
RRMS-to-SPMS Conversion
Rocca et al. (2021)—RF Development +
3% SPMS-conversion model [104] evaluation e L2l E L2l 12! E 15! = L&l E L L&! L L2l
Pisani et al. Development +
36 (2021)—RSF /SP-RiSc [105] evaluation o E e L3 15! £ E o Le! E E E E E
Seccia et al. Devel -
37a (2020)—visit-oriented, ee‘;eaﬁgtri‘gg H 8] H H H H U H H H L L U U
feature-saving [106]
Seccia et al. Development +
37b (2020)—visit-oriented, P 18) U H H H U 18) H H H IL L U 18)

record-saving [106]

evaluation
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Table 3. Cont.
Dev Dev Dev Dev Overall Eval Eval Eval Eval Overall App App App Overall

No. Study/Model/Stage Assessment Type D1 D2 D3 D4 Dev D1 D2 D3 D4 E‘S}l D1 D2 D3 App

Seccia et al. Development +
37¢ (2020)—history-oriented evahfation H U H H H H U H H H IL L U U

LSTM, feature-saving [106]

Seccia et al. Development +

37d (2020)—history-oriented P U U H H H U U H H H IL L 18] U

LSTM, record-saving [106] evaluation

Dev, model development quality; Eval, model evaluation risk of bias; App, applicability to the review question; D1, participants and data sources; D2, predictors;
D3, outcome; D4, analysis; L, Low concern/risk; U, Unclear concern/risk; H, High concern/risk. Background colours indicate the PROBAST + Al judgements:
green = Low, yellow = Unclear, red = High, and grey = Evaluation only. Separate rows are presented where materially different models, prediction horizons,
redevelopment procedures, or validation stages required separate assessment. Applicability is assessed for D1-D3 only.

Table 4. Study-level summary of PROBAST + Al overall judgements for the studies presented in Table 3, by MS progression-prediction outcome category.

Prediction Catego Studies De‘glllgﬂ?ent Development Development Evaluation RoB Evall{l(l)eglon Evall;:)aBtlon Applicability Applicability Applicability
gory Assessed y Quality Unclear Quality High Low . Low Unclear High
Low Unclear High
CI5 = MS/.CDMS 10 0 0 10 0 0 10 9 1 0
conversion
Future lesion or MRI 3 0 1 2 0 0 3 3 0 0
disease activity
PIRA/ P IRMA 5 0 0 5 0 0 5 4 0 1
prediction
Disability worsening
or confirmed 12 0 0 12 0 0 12 12 0 0
progression
Future EDSS/
disability status/ 4 0 1 3 0 0 4 3 0 1
severity trajectory
RRMS = SPMS 3 0 0 3 0 0 3 1 1 1
conversion
Overall 37 0 2 35 0 0 37 32 2 3
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9. Conclusions

This review shows that MRI-based prediction of MS progression is best considered
as an end-to-end measurement and modelling pipeline rather than as a comparison of
algorithms alone. Across the 37 included studies, prognostic information was derived from
lesion geometry and spatial distribution, radiomics, tissue atrophy, longitudinal imaging
changes, and multimodal combinations of imaging and clinical variables. Classical ML and
DL each showed value depending on MRI representation, prediction outcome, and study
design. PROBAST + Al assessment rated model Development as High concern in 35 studies
and Unclear in two, Evaluation as High risk of bias in all 37 studies, and Applicability as
Low concern in 32, Unclear in two, and High in three. This pattern indicates that most stud-
ies addressed populations, MRI predictors, and progression outcomes relevant to the review
question, while stronger methodological safeguards are needed to establish reproducible
predictive performance. Future studies should prioritize adequately sized multicenter
cohorts, training-only data-dependent processing, transparent handling of missing data
and class imbalance, calibration and uncertainty assessment, and independent evaluation
of locked models. These steps will help translate the promising MRI-based prognostic
evidence into more reliable tools for individualized MS risk assessment and monitoring,.
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CART

CATE

CCDP24

CDA

CDMS
CI
CIS

CNN
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Dev
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DL
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Area Under the Curve

Area Under the Receiver
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Curve

Brain Extraction Tool

Brain Intensity AbNormality
Classification Algorithm
BIANCA for Multiple
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Brain Parenchymal Fraction
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Regression Tree
Conditional Average
Treatment Effect

24-Week Confirmed
Composite Disability
Progression
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Accumulation
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Confidence Interval
Clinically Isolated Syndrome
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Networks
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Participants And Data
Sources

Predictors

Outcome
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Model Development Quality
Deep Grey Matter
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Double Inversion Recovery
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Deep Learning
Disease-Modifying Drug
Disease-Modifying Therapy

Diagnostic Odds Ratio

Expanded Disability Status
Scale
Electronic Health Record

MRI

MRIQC
MS

MSE

N3
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PIRMA

PPMS
PPV
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QC
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Mean Squared Error
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Primary Progressive MS
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Quality Control
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