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ABSTRACT

Background: Cognitive impairment is common in multiple sclerosis (MS), yet the application of diagnostic frameworks of
Neurocognitive Disorders (NCDs) is limited. Additionally, the integration of multimodal data for predicting cognitive outcomes
using artificial intelligence (AI) remains underexplored. This study aimed to characterize NCDs in MS and predict cognitive
worsening using an explainable deep learning model trained on MRI and clinical data.

Methods: Two-hundred twenty-four MS patients and 115 healthy controls (HC) underwent 3.0 T MRI and clinical assessment
at baseline. MS patients also completed neuropsychological testing, including estimation of z-cognitive reserve, at baseline and
after a median follow-up of 3.4 (interquartile range =[2.0; 6.1]) years. MS patients were classified as Mild or Major NCD accord-
ing to the Diagnostic and Statistical Manual of Mental Disorders criteria at baseline, and as “stable” or “worsened” based on cog-
nitive changes at follow-up. A deep learning model was trained on baseline T1-weighted MRI, demographic, clinical, and brain
volumetric data to predict cognitive decline, with explainability methods used to interpret the model's decisions.

Results: At baseline, 4% of patients had Mild and 11% Major NCD. At follow-up, 12% showed cognitive decline. The deep learn-
ing model predicted follow-up cognitive status with 90% accuracy. Explainability models identified the most relevant predictors,
in order of importance: cortical gray matter volume, age, thalamic and hippocampal volumes, T2 lesion volume, and z-cognitive
reserve.

Conclusions: The proposed multimodal AT approach demonstrated robust performance and highlighted relevant brain regions
associated with cognitive worsening, underscoring its potential for personalized cognitive assessment and monitoring in MS.

1 | Introduction the field of MS, largely because it is commonly associated with

aging or used as a synonym for Alzheimer's disease [2]. One study

Cognition deficits affect a large proportion of patients with multi-
ple sclerosis (MS), typically involving learning and memory, infor-
mation processing speed, and executive functions [1]. Although
a few studies have referred to cognitive deficits in MS patients as
“subcortical dementia”, the term “dementia” has not permeated

[3] explored the prevalence of dementia in MS and found that 22%
of patients met the Diagnostic and Statistical Manual of Mental
Disorders, Fourth Edition, Text Revision (DSM-IV-TR) [4] criteria
for its diagnosis. The concept of dementia has evolved over time
to encompass numerous neurological and systemic disorders,
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including frontotemporal degeneration, Lewy body disease,
vascular disease, traumatic brain injury and HIV infection [5].
Moreover, diagnostic criteria have been developed to distinguish
patients who exhibit cognitive dysfunction that does not signifi-
cantly affect their daily functioning (i.e., mild cognitive impair-
ment, MCI) from those who have lost functional ability [2]. The
DSM-5 [6] has recently introduced the terms of Mild and Major
Neurocognitive Disorders (NCDs), replacing the nosographic
categories of MCI and dementia [2]. To date, only one study has
investigated the prevalence of NCDs in MS, reporting that 21%
of MS patients met the criteria for Major NCD and 67% for Mild
NCD [7]. However, the clinical and MRI profiles of MS patients
who meet the criteria for NCD have not yet been explored.

Artificial intelligence (AI) algorithms can capture complex pat-
terns in data and, in recent years, the number of studies employing
these algorithms on MRI-derived measures to classify cognitive
impairment in MS has rapidly increased [8-10]. These studies
have overall demonstrated that Al is a powerful tool for identifying
MS patients with cognitive impairment based on T2 hyperintense
white matter (WM) lesion volume (LV) [8, 10], cortical gray matter
(GM) [10], thalamic [9, 10] and hippocampal volume [10], with
an accuracy ranging from 69% to 91% [8-10]. Aside from machine
learning techniques, only a previous study applied a deep learning
approach directly to raw MRI data to predict cognitive worsening
after 2years of follow-up, potentially providing valuable insights
to support clinicians in tailoring cognitive training interventions
[11]. Despite promising results, this study classified MS patients
based on a single cognitive test, the Symbol Digit Modalities Test
(SDMT), and predominantly relied on a single data modality (T1-
weighted and T2-weighted MRI scans) [11], without integrating
other information (e.g., demographic and clinical data), thereby
providing only a partial knowledge of the factors associated with
cognitive deterioration. Additionally, given their complexity, these
systems have become “black boxes”, raising concerns about the
transparency of their decision-making processes [12]. This lack of
transparency has posed a significant barrier to their adoption in
healthcare. As a result, there has been increasing interest in ex-
plainable AI, which aims to develop methods that make models
more interpretable and understandable [13-16].

Against this background, the aims of this study were twofold.
First, we assessed the prevalence of Mild and Major NCDs in
a relatively large cohort of MS patients using a comprehensive
neuropsychological evaluation focused on daily functioning and
characterized their demographic and clinical data, and MRI
measures of brain tissue volumes. Second, we developed a mul-
timodal deep learning model integrating T1-weighted MRI, de-
mographic, clinical, and brain volumetric measures to predict
future NCD development and identify key predictive factors
using explainable Al

2 | Methods

2.1 | Participants

Approval was obtained from the local institutional ethical stan-
dards committee on human experimentation (Protocol number

2015-33). All participants provided written informed consent
according to the Declaration of Helsinki.

A cohort of 224 MS patients [17] and 115 healthy controls
(HCs) was retrospectively selected from the data repository of
Neuroimaging Research Unit, IRCCS San Raffaele Scientific
Institute (Milan, Italy). Inclusion criteria were: (1) age > 18 years,
(2) Italian native speakers and (3) no systemic, psychiatric or
neurologic disease (other than MS). In addition, MS patients
were selected if they had undergone two clinical and neuropsy-
chological evaluations separated by a minimum follow-up of
lyear, were relapse-free, steroid-free, and had been on a stable
disease-modifying treatment (DMT) for at least 3 months prior
to clinical, cognitive and MRI assessments.

2.2 | Clinical and Neuropsychological Assessment

At baseline, all MS patients underwent neurological examina-
tion with a rating of Expanded Disability Status Scale (EDSS)
score [18], recording of current DMT, and definition of clin-
ical phenotype (i.e., relapsing-remitting [RR] or progressive
[P] MS). The Montgomery-Asberg Depression Rating Scale
(MADRS) [19] was administered to assess depressive symp-
toms, the Modified Fatigue Impact Scale (MFIS) [20] was used
to evaluate fatigue and the Multiple Sclerosis Quality of Life-
54 (MSQOL-54) [21] was employed to assess health-related
quality of life. Premorbid intelligence quotient (IQ) was esti-
mated using the Italian version of the National Adult Reading
Test [22]. For each patient, premorbid IQ and years of educa-
tion were converted into z-score based on the distributions in
the patient sample and then were averaged to obtain a cogni-
tive reserve z-score [23].

At baseline and follow-up, MS patients were administered the
Brief Repeatable Battery of Neuropsychological Tests [24, 25]
and the computerized version of the Wisconsin Card Sorting
Test (WCST) [26] to assess: learning and memory (Selective
Reminding Test and 10/36 Spatial Recall Test) [24, 25], com-
plex attention (SDMT and Paced Auditory Serial Addition Test)
[24, 25] and executive functions (Word List Generation [24, 25],
WCST) [26]. Raw scores of cognitive tests were standardized into
z-scores based on normative data [24-26]. Mild impairment in
a cognitive domain was defined as two or more z-scores below
—1.5, while severe impairment required at least two z-scores
below —2.0 [27]. An experienced neuropsychologist conducted a
clinical interview to evaluate the impact of cognitive dysfunction
on complex instrumental activities of daily living (i.e., manag-
ing medications and paying bills), and then determined whether
each MS patient met the criteria for Mild NCD or Major NCD
according to the DSM-5-TR criteria [5].

At follow-up, MS patients were classified into two groups based
on changes in their diagnostic status: stable (i.e., patients who
remained cognitively preserved at both timepoints, or main-
tained a diagnosis of Mild or Major NCD) and worsened (i.e., pa-
tients who were cognitively preserved at baseline but developed
NCD at follow-up, or who progressed from Mild to Major NCD).

2.3 | MRI Acquisition

Brain scans were acquired from all subjects. The MRI protocol
was performed using two 3.0T scanners (Scanner 1: Achieva,
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Scanner 2: Ingenia; Philips Medical Systems, Eindhoven, The
Netherlands). Detailed MRI acquisition parameters are pro-
vided in the Supporting Information.

2.4 | Image Pre-Processing

T2-hyperintense WM LV, as well as normalized volumes of the
brain (NBV), cortical GM (NCGMV), WM (NWMYV), bilateral
hippocampus and thalamus were calculated as described in
Supporting Information. T1-weighted images for each patient
were then registered into the MNI 152 atlas space (https://fsl.
fmrib.ox.ac.uk/fsl/fslwiki/Atlases) using an affine transforma-
tion (FLIRT, FSL toolbox, version 5.0.5) to be used as input for
the AL

2.5 | Model Configuration and Input Data

As shown in Figure 1, the proposed deep learning algorithm
for the prognosis of the cognitive status at follow-up was built
on a supervised neural network with a “hybrid architecture”,
consisting of two components: (i) a 3D convolutional neural
network (3D-CNN) on T1-weighted images, and (ii) the inte-
gration of MRI-derived brain tissue volumes along with non-
imaging data, such as demographic and clinical information,
at the fully connected layer. T1-weighted images were selected
as the sole imaging input due to their superior anatomical de-
tails and relevance to structural features, while LV from T2-
weighted sequences was incorporated as tabular data. This
choice reduced model complexity and improved interpretabil-
ity. Clinical and demographic data presumably contain addi-
tional information that can contribute with MRI features to
the algorithm decision. The demographic variables included
in the model were age and sex, while the clinical informa-
tion comprised EDSS, disease duration (years), follow-up

duration (years), treatment classification (no treatment/mod-
erate efficacy/high efficacy), and a cognitive reserve z-score.
According to prior literature [28], we found that incorporating
MRI-derived volumetric measures could enhance the mod-
el's performance. Therefore, as tabular data, we also included
baseline measures that exhibited slightly distinct value distri-
butions between stable and worsened patients at follow-up;
that is T2-hyperintense LV, as well as NWMV, NCGMYV, and
volumes of the thalamus and hippocampus.

To ensure robust model generalization, a stratified 5-fold cross-
validation was employed. At each fold, 60% of the dataset is
assigned for model training, 20% for model validation, and the
remaining 20% for model testing.

2.6 | AI Neural Network Implementation

The method was implemented in Python 3.7 using PyTorch
1.0.0 and is based on a modified ResNet-10 architecture pre-
trained on MedicalNet [29]. This 10-layer network includes
3X3x3 convolutional kernels, batch normalization, residual
skip connections, and two max-pooling layers (3x 3 and 6 X6
kernels) for feature reduction and spatial invariance. Extracted
features were standardized via z-score normalization to im-
prove training stability. Tabular data were standardized and
concatenated with the flattened imaging features to form
a combined input vector. This vector fed into a Multilayer
Perceptron (MLP) classifier consisting of four fully connected
layers with Tanh activations, enabling the model to handle
both positive and negative values effectively. The MLP bal-
anced the contribution of imaging and clinical features, unlike
traditional image-only classifiers, ensuring integrated learn-
ing from both modalities. Additionally, Monte Carlo Dropout
(MC-Dropout) was employed during both training and infer-
ence to estimate model uncertainty via multiple stochastic
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forward passes [30]. Implementation details are described in
the Supporting Information.

2.7 | Explainability Models

Explainability techniques were integrated into the AI predictive
framework to interpret the neural network's decision-making
process, with modality-specific approaches applied to imag-
ing and tabular data, as shown in Figure 2. For imaging data,
Gradient-weighted Class Activation Mapping (Grad-CAM) was
used to identify anatomically relevant regions in T1-weighted
MRI volumes [31]. After a forward pass and gradient-based
backpropagation, class-specific weighted activations were com-
puted and combined into Grad-CAM heatmaps. These were
upsampled via trilinear interpolation and overlaid onto original
MRI slices to generate full-volume visualizations. To identify
class-level patterns, individual Grad-CAM maps were averaged
within each diagnostic group (cognitively stable vs. worsened),
and a voxel-wise differential attention map was computed.
Anatomical localization of key regions was performed using the
Automated Anatomical Labeling (AAL) atlas [32], with brain
regions ranked according to the magnitude of importance and
spatial extent (i.e., number of voxels).

For tabular data, Permutation Feature Importance (PFI) was
employed [33]. The method involved randomly permuting in-
dividual features across 5000 iterations and measuring the
corresponding decrease in model performance (R? score). The

Flattened imaging

Tiw MRI

averaged importance scores from all iterations were used to
rank the features by their contribution to the model's predic-
tions, ensuring robustness and interpretability.

2.8 | Statistical Analysis

Differences of demographic, clinical and neuropsychologi-
cal variables between MS patients and HC, as well as MS pa-
tients according to the presence of cognitive impairment were
assessed using appropriate statistical tests, including the Chi-
square, Fisher's exact, two-sample f, and Mann-Whitney U
tests. Between-group comparisons of brain volumetric measures
were analyzed using age-, sex-, and scanner-adjusted linear
models. Binary logistic regression evaluated associations be-
tween cognitive stability at follow-up and key tabular predictors
identified via PFI.

Evaluation metrics included accuracy, F1-score, precision, recall,
and the area under the curve (AUC). To address limitations of
accuracy in imbalanced datasets, the F1-score (harmonic mean
of precision and recall) was employed, balancing false positives
and false negatives. Precision measures the proportion of true
positives among positive predictions (TP/(TP + FP)), while recall
quantifies the proportion of actual positives correctly identified
(TP/(TP+FN)). The AUC assessed the trade-off between true
positive rate (recall) and false positive rate (1-specificity) across
thresholds. All statistical analyses were conducted using R ver-
sion 4.2.2.
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FIGURE 2 | A schematic representation of the integration of explainability models from imaging (Grad-CAM) and tabular data (Permutation
Feature Importance), along with the uncertainty estimation model (MonteCarlo dropout), into the proposed deep neural network architecture.
EDSS, Expanded Disability Status Scale; PFI, Permutation Feature Importance.
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TABLE 2 | Mean and standard deviation (SD) of the evaluation metrics obtained for each fold of the cross-validation.
Mean (SD) Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Accuracy 0.923 (0.039) 0.894 (0.090) 0.861 (0.097) 0.888 (0.067) 0.947 (0.049)
F1 score 0.830 (0.103) 0.731 (0.075) 0.898 (0.174) 0.770 (0.201) 0.796 (0.197)
Precision 0.969 (0.087) 0.949 (0.078) 0.946 (0.091) 0.983 (0.053) 0.958 (0.100)
Recall 0.839 (0.120) 0.769 (0.239) 0.808 (0.134) 0.872(0.241) 0.807 (0.229)
Loss Accuracy F1-Score
1.0 1.0 1.0
Training - R
0.8 | . Validation 0.8 1 /
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FIGURE 3 | The mean evaluation metrics (Loss, Accuracy, Fl-score, Precision, Recall, and AUC) obtained from training and 5-fold cross-

validation phases are plotted across the epochs.

3 | Results

3.1 | Demographic, Clinical and MRI
Characteristics

The main baseline features of MS patients and HC are summa-
rized in Table 1.

At baseline, 10 MS patients (4%) met the criteria for Mild NCD
and 24 (11%) for Major NCD. Compared to patients with pre-
served cognition, those with Major NCD were older (p=0.049),
had lower years of education (p =0.010), lower cognitive reserve
(p=0.002), longer disease duration (p=0.010), higher EDSS

(p<0.001), higher prevalence of PMS (p <0.001), higher MFIS
scores (p=0.015) and reported a lower quality of life as mea-
sured by the physical health composite score of the MSQOL-54
(p=0.037). Patients with Mild NCD showed a higher prevalence
of PMS compared to cognitively preserved ones (p=0.021).
Compared to cognitively preserved patients, those with Mild and
Major NCD had higher T2 LV (p=0.007 and p =0.046, respec-
tively), lower thalamic (p=0.003 and p<0.001, respectively)
and hippocampal volume (p=0.036 and p < 0.001, respectively).
Finally, patients with Major NCD had lower NBV (p <0.001),
NCGMYV (p<0.001), NWMV (p=0.008) compared to patients
with preserved cognition and lower hippocampal volume com-
pared to patients with Mild NCD (p=0.033) (Table 1).
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Importance score

High 15

FIGURE4 | The color-coded differential activation heatmap, obtained using the Grad-CAM method, is overlaid on the MNI-152 T1-weighted at-
las. Regions with greater importance in the stable group compared to the worsened group are presented in two axial slices and one sagittal slice. The

importance score values represent normalized activation intensities obtained via Grad-CAM (without physical units) reflecting the relative weight of

each voxel in the classification. A, anterior; L, left; P, posterior; R, right.

After a median follow-up of 3.4 (interquartile range=1[2.0; 6.1])
years, 27 out of 224 MS patients (12%) experienced cognitive wors-
ening. Of the 190 cognitively preserved patients at baseline, 11 (6%)
developed Mild NCD and 12 (6%) developed Major NCD, while 4
out of 10 (40%) patients with Mild NCD at baseline progressed to
Major NCD. In the entire MS sample, the mean annualized relapse
rate at follow-up was 0.1 (range: 0.0-0.8); 16 patients (7%) with
RRMS developed PMS, and 93 patients (41%) changed DMTs.

3.2 | Model Performance

During the training phase, the algorithm was halted after 40 ep-
ochs, based on the early stopping criterion that monitored the
validation loss (0.05 after 40 epochs). The optimized hybrid clas-
sification model achieved a mean training accuracy of 91%, with
an Fl-score of 83%. During the training phase, the model also
attained a mean precision of 96% and a recall of 84%, demon-
strating a strong balance between the two.

The validation of the model showed a slight drop in the metrics,
suggesting a good generalization of the model with no overfit-
ting. The mean validation accuracy was 90%, with a mean F1-
score of 81%. During the validation phase, the model achieved a
mean precision of 95% and a mean recall score of 82%, indicating
a strong ability to correctly identify positive instances while cap-
turing a substantial proportion of relevant cases. Table 2 lists the
validation performance scores obtained with the proposed sys-
tem in terms of mean and standard deviation across the cross-
validated folds.

As shown in Figure 3, the system achieved an average AUC of
0.91 (+0.06) and 0.89 (+0.09) to predict cognitive classes during
training and validation phases, respectively. Figure 3 summa-
rizes all the evaluation metrics and ROC curves obtained by the
model for both training and validation phases.

MC-Dropout results revealed a mean uncertainty of 3.42%
(£0.70%) in predictions across the entire dataset. When sepa-
rating correctly classified from incorrectly classified patients, a
slightly lower uncertainty was observed for the correctly classi-
fied (mean=3.07% +0.53%) compared to the incorrectly classi-
fied (mean =3.77% + 0.87%) patients (p =0.08).

Because patients with major NCD at baseline may still experi-
ence clinical worsening without transitioning to a more severe
cognitive category at follow-up, we performed a sensitivity anal-
ysis excluding those patients classified as having major NCD
at baseline from the whole dataset, to verify the robustness
of the model. The results of this analysis are presented in the
Supporting Information.

3.3 | Explainability models

Figure 4 presents the mean attention heatmap generated using
the Grad-CAM method, overlaid on the MNI-152T1-weighted
atlas. The heatmap highlights regions with greater importance
for the model's decision in the stable group compared to the
worsened group.

Following the application of the AAL atlas to the Grad-CAM
maps, we identified the brain regions most relevant to the
algorithm's decision-making process, ranked by cluster size.
These regions are listed in Table 3 in descending order of
importance.

The application of the PFI explainability method to tabular data
yielded a ranked list of the most important features arranged
in order of decreasing importance. As shown in Figure 5, the
six tabular features most influential in the algorithm's decision-
making included NCGMYV, age, thalamic volume, hippocampal
volume, T2 LV, and cognitive reserve.
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TABLE 3 | Brain regions most strongly contributing to the model's
identification of cognitively stable MS patients.

Bilateral anatomical Cluster
region (AAL) Activation extent
Middle frontal gyrus 6.0 278
Superior frontal gyrus, 5.9 1078
medial

Middle occipital gyrus 5.3 28
Postcentral gyrus 5.1 28
Middle temporal gyrus 5.1 62
Hippocampus 4.8 67
Inferior frontal gyrus, pars 4.7 13
orbitalis

Temporal pole: superior 4.7 12
temporal gyrus

SupraMarginal gyrus 4.6 30
Superior frontal gyrus, pars 4.6 50
orbitalis

Calcarine fissure and 4.4 16
surrounding cortex

Superior frontal gyrus, 4.3 12
medial orbital

Inferior frontal gyrus, 43 8
triangular part

Lobule IX of cerebellar 4.2 16
hemisphere

Temporal pole: middle 4.2 5
temporal gyrus

Angular gyrus 4.1 14
Anterior cingulate & 4.1 23
paracingulate gyri

Insula 4.1 8
Superior frontal gyrus, 4.1 13
dorsolateral

Lobule IV, V of vermis 4.0 12
Inferior temporal gyrus 4.0 10
Superior parietal gyrus 4.0 6
Parahippocampal gyrus 4.0 3
Inferior occipital gyrus 4.0 2
Precentral gyrus 4.0 6

Abbreviation: AAL, automated anatomical labeling.

Once the PFI explainability method identified the most relevant
tabular predictors, a binary logistic regression analysis was em-
ployed to explore the direction of associations with cognitive
worsening. Although tabular data did not reach statistical signif-
icance in any of the binary logistic regression models,  values
were used to interpret the direction of the correlations. Cognitive

worsening was associated with older age (8=0.24), male sex
(B=0.14), higher EDSS scores (8=0.20), and lower cognitive
reserve (8=-0.0000001). Patients treated with high-efficacy
DMTs (8=0.02) and moderate-efficacy DMTs (8=0.10) were
more likely to develop NCD at follow-up compared to untreated
patients. Furthermore, cognitive worsening was associated with
lower baseline NWMYV (8 =-0.004), NCGMV (=-0.004), tha-
lamic (8 =—-0.008), and hippocampal volume (3 =—0.19). Finally,
a higher T2 LV ($=0.20) was observed in the worsened patients’
group compared to the stable patients' group.

4 | Discussion

This longitudinal study investigated demographic, clinical,
and MRI features associated with NCDs in a large and compre-
hensively characterized cohort of MS patients, with a focus on
identifying the potential predictors of NCD development and
worsening using Al The integration of multiple data modalities
and explainability techniques provides valuable insights that
may contribute to a better understanding of cognitive impair-
ment in MS and the potential for clinical translation of AI in
this domain.

Previous studies often dichotomized cognitive function in MS
(preserved vs. impaired), oversimplifying cognitive symp-
toms. A recent investigation [27] validated specific impairment
thresholds to distinguish distinct cognitive phenotypes in MS,
characterized by different levels of impairment. However, the
DSM-5-TR [5] criteria applied in this study require not only as-
sessing the degree of cognitive dysfunction but also its impact
on complex instrumental activities, allowing for a more valid
description of patients' real-world functioning [34].

At baseline, the overall prevalence of NCDs among MS pa-
tients was 15% (4% Mild NCD and 11% Major NCD), which
increased to 25% (8% Mild NCD and 17% Major NCD) after
a median follow-up duration of 3.4years. This result is con-
sistent with the Major NCD frequency (21%-22%) reported by
previous investigations in MS [3, 7], while the higher preva-
lence of Mild NCD (67%) found by Hancock and colleagues
[7] likely reflects distinct neuropsychological approaches, as
the diagnosis was based on evidence of a “modest” cognitive
decline without specific threshold scores. In line with our
expectations, patients with Mild and Major NCD exhibited a
more severe clinical and MRI profile compared to cognitively
preserved MS patients. Of note, the only significant difference
between Mild and Major NCD in MS patients was reduced hip-
pocampal volume in the latter, suggesting that hippocampal
atrophy reflects the trajectory of cognitive decline and may
serve as a key biomarker in MS [35].

The hybrid classification model implemented showed strong
performance in predicting NCD progression, with early stop-
ping effectively preventing overfitting. Validation metrics were
stable, demonstrating good generalizability and well-balanced
precision and recall. Additionally, AUC values over 0.89 in both
training and validation confirmed the model's high ability to
accurately classify cognitive status at follow-up. These results
highlight the promising role of Al in advancing predictive accu-
racy and personalized prognosis of cognitive impairment in MS.
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MC-Dropout analysis showed low overall prediction uncertainty
(~3.4%), with slightly higher (not significant) uncertainty in mis-
classified cases, indicating the model's confidence aligns with
its accuracy. This uncertainty measure is important for clinical
use, helping to stratify risk and flag cases needing expert re-
view. Consistent with our previous work [11], T1-weighted MRI
likely represents the main contributor to model performance, as
structural brain features are highly informative for predicting
cognitive decline. The inclusion of clinical and demographic
variables further enhanced predictive accuracy, indicating that
while both modalities offer complementary information, MRI
data remain the primary drivers of the observed performance.
This finding is particularly relevant for future implementation,
as it suggests that robust performance may still be achievable
in settings where only imaging data are available, while the in-
tegration of tabular data could further refine predictions when
accessible.

Another key aspect of this study, particularly regarding pro-
spective clinical implementation, is the comprehensive use of
explainability methods to elucidate the contribution of all fea-
tures employed by the algorithm in reaching its final decision.
The Grad-CAM attention maps localized key brain regions im-
plicated in the classification, predominantly involving areas
known for their role in cognition, thus biologically validating
the model's focus. The region importance ranking derived from
the AAL atlas corroborates established neuroanatomical sub-
strates affected in MS cognitive impairment. Notably, with 10
out of 25 areas identified by the Grad-CAM attention maps, the
frontal lobe emerged as the most relevant predictor of cognitive
worsening. Due to its involvement in working memory, process-
ing speed, attention and executive function, structural damage
in this key cognitive structure has been consistently linked to
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cognitive impairment in MS patients [1, 36]. Beside the frontal
lobe, the Grad-CAM attention maps identified six areas in the
temporal lobe, four in the parietal lobe, three in the occipital
lobe and two in the cerebellum. These findings align with previ-
ous results suggesting that, in MS patients, cortical and cerebel-
lar atrophy are strongly associated with cognitive dysfunction
[1, 10, 35-37]. Specifically, structural damage in the temporal
lobe has been linked to episodic memory deficits [35, 36], pari-
etal lobe involvement to impairment in attention and visuospa-
tial processing [38, 39], structural damage in the occipital lobe
to visual processing dysfunction [36, 40], and cerebellar involve-
ment to impairments in working memory, processing speed, and
motor function [37, 41].

Concurrently, PFI analysis of tabular clinical and imaging fea-
tures identified NCGMYV, age, thalamic and hippocampal vol-
umes, T2 LV, and cognitive reserve as the primary contributors
to the model's decision-making process. These results highlight
the synergistic impact of neurodegeneration, lesion burden, and
demographic/clinical factors on cognitive trajectories in these
patients [1, 36]. MRI-derived features therefore appear to be the
main drivers of model performance, while clinical and demo-
graphic data provide complementary contextual information
that enhances robustness and interpretability. This interplay
underscores the interconnected nature of multimodal data and
highlights the importance of considering cross-modal effects
when interpreting model explainability results. Future studies
should aim to disentangle these interactions and examine how
variations in one modality might affect model behavior and iden-
tified regions of importance. Such investigations could deepen
our understanding of multimodal explainability and support
the development of more generalizable predictive frameworks
across different clinical settings.

WORSENED

STABLE

FIGURE 5 | Flow diagram illustrating the most important tabular features identified by the PFI method for classifying cognitively stable and

worsened patients is shown. The plot displays the results for the entire dataset. The width of each link represents the strength of the association be-

tween the variable and the outcome. EDSS, Expanded Disability Status Scale; LV, lesion volume; NCGMV, normalized cortical gray matter volume;

NWMYV, normalized white matter volume.
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Although logistic regression did not yield statistically significant
associations, likely due to limited sample size or multicollinearity,
the directional 8 coefficients are consistent with existing literature.
Cognitive worsening correlated positively with older age, male sex,
higher disability, and lesion burden, while negatively associated
with cognitive reserve and brain volumes. Interestingly, patients
treated with DMTs of varying efficacy showed a trend towards in-
creased risk of cognitive decline, which might reflect confounding
by indication or the presence of more aggressive disease pheno-
types necessitating earlier or more effective treatments.

This study has several limitations. First, the distribution of cog-
nitively stable vs worsened patients was unbalanced, with only
12% showing cognitive decline over the follow-up period, al-
though this rate aligns with previous research when accounting
for follow-up duration [42].

The smaller proportion of patients with Mild or Major NCD at
baseline may have reduced statistical power for group compar-
isons, potentially obscuring subtle differences. Additionally,
the cognitive reserve index excluded leisure activities due to
missing data, using education as a proxy [43]. Anxiety was
not assessed, though depression was measured and major
psychiatric conditions excluded. Although we implemented
several strategies to reduce the risk of overfitting and ensure
the robustness of our results, including a combination of data
augmentation and regularization techniques, we acknowledge
that external validation on an independent cohort and further
studies are needed to confirm the model's generalizability and
investigate causal links between imaging biomarkers and cog-
nitive decline.

To conclude, the multimodal AI implemented in this study
demonstrated high accuracy and reliability, with explainability
analyses confirming the involvement of brain regions linked to
cognitive impairment. These results support the potential for
Al-based tools in personalized cognitive assessment and mon-
itoring in MS.
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