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ABSTRACT
The brain-predicted age difference (brain-PAD) is associated with measures of clinical interest in people with multiple sclerosis 
(pwMS). Most brain age models rely on 3D T1-weighted scans, which are not routinely acquired in MS clinical practice, limiting 
their potential for clinical translation. We aimed to develop a model predicting brain age using T2-FLAIR, the core sequence for 
MS diagnosis and monitoring, and validate the resulting brain-PAD values as a biomarker of MS severity and progression. We 
collected 3D T2-FLAIR and 3D T1-weighted brain MRI scans to compose (i) a multicentre cohort of healthy participants for brain 
age modeling, and (ii) a single-centre cohort of pwMS and healthy controls for external validation. We trained and evaluated 3D 
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network; EDSS, expanded disability status scale; EPAD, European prevention of alzheimer's dementia; FLAIR, fluid-attenuated inversion recovery; GM, gray matter; 
HC, healthy control; Inception Net, Inception-ResNet-V2 Network; MAE, mean absolute error; MAGNIMS, magnetic resonance imaging in MS; MNI, Montreal 
Neurological Institute; pwMS, people with multiple sclerosis; SFCN, simple fully convolutional network; WM, white matter.
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convolutional neural network models predicting brain age from T2-FLAIR or T1-weighted images. Models were compared using 
t-tests based on bootstrapped standard errors. Saliency maps were obtained with the SmoothGrad method to visualize regions 
that were most important for the predictions. Finally, using a linear model framework, we clinically validated the resulting 
brain-PAD metric by assessing its relationship with diagnosis (MS versus healthy controls), clinical phenotype, disease duration, 
and physical disability as measured with the Expanded Disability Status Scale (EDSS), adjusting for age and sex. The Inception-
ResNet-V2 model based on T2-FLAIR scans yielded accurate brain age predictions (test set MAE = 3.31 years, R2 = 0.944, 5x en-
semble MAE = 2.81, R2 = 0.955), which were comparable to those obtained with the T1w-based model (test set MAE = 3.34 years, 
R2 = 0.942, 5x ensemble MAE = 2.84, R2 = 0.955, p = 0.91). Brain age predictions were mostly driven by subcortical regions, par-
ticularly the thalamus. T2-FLAIR-based brain-PAD was higher in pwMS than healthy controls (7.07 vs −0.50 years, p < 0.0001). 
As with T1 brain-PAD, FLAIR brain-PAD correlated with MS disease duration (R = 0.24, p < 0.0001) and EDSS (R = 0.30, p 
< 0.0001). Brain age predictions relying on T2-FLAIR scans are as accurate as those derived from T1-weighted scans and could 
be used as an easily obtainable biomarker of MS severity and progression in clinical practice.

1   |   Introduction

As life expectancy increases and the burden of neurodegenera-
tive diseases grows, understanding and quantifying age-related 
brain changes and their relationship to disease become increas-
ingly crucial (Hou et al. 2019).

In the course of an individual's life, their brain undergoes molecular, 
microscopic, and macroscopic changes (Fjell and Walhovd 2010). 
Brain aging is associated with volume loss (approximately 0.5%–
1% volume loss per year with healthy aging), enlargement of 

cerebrospinal fluid spaces, and white matter lesions (WML) (Fjell 
and Walhovd 2010). Underlying these macroscopic changes are mi-
croscopic phenomena such as axonal loss, shrinkage of neurons, 
and reduction of synapses, which subtend age-related decreases 
in cognitive abilities (Fjell and Walhovd 2010). At the molecular 
level, brain aging is driven by factors such as genetic instability, 
DNA damage, telomere attrition, and mitochondrial dysfunction 
(Hou et al. 2019). Macrostructural age-related brain changes can 
be visualized through structural MRI, with different contrasts/se-
quences potentially revealing distinct aspects of the brain's anat-
omy (Figure 1) (Bethlehem et al. 2022).

FIGURE 1    |    T2-FLAIR (top) and T1w (bottom) MRIs of healthy controls of varying ages. With increasing age, the size of the ventricles can be seen 
to enlarge, and the sulci widen. At older ages, white matter lesions and thinning of the gray matter can be seen. Gray matter thinning can be better 
appreciated on T1w images, while white matter lesions are better seen on T2-FLAIR scans. Brain-predicted ages (Pred) are shown from our final 
FLAIR and T1w models combined (ensemble outputs averaged). Subjects were taken from the test set (unseen during training).
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Although age-related brain changes are well established, these 
changes affect individuals differently and at different rates, 
suggesting that the underlying biological age of a person's 
brain may be different from their chronological age (Cole and 
Franke  2017). Building on this concept, the brain-age para-
digm has emerged as a powerful tool to measure the brain's bi-
ological age using neuroimaging data (Cole and Franke 2017). 
Briefly, machine learning algorithms are used to learn a 
function that maps brain MRI scans onto chronological age 
in healthy subjects, which is then used to make individual 
brain age predictions on new data (Cole and Franke  2017). 
Among the machine-learning techniques used for age predic-
tion, recent years have seen growing interest in deep learning, 
which is potentially more powerful than shallow learning and 
has the advantage of being applicable to raw data (Tanveer 
et al. 2023). In fact, state-of-the-art brain-age prediction mod-
els are based on convolutional neural network (CNN) archi-
tectures, trained on thousands of scans from large-scale open 
datasets (Bashyam et al. 2020; Peng et al. 2021). The difference 
between predicted and chronological age (the brain-predicted 
age difference, brain-PAD) is thought to reflect deviation from 
normal brain aging, indicating slower or accelerated biolog-
ical aging, and has been proposed as an age-adjusted global 
index of brain health (Cole and Franke 2017).

Higher brain-PAD values are associated with other established 
biomarkers of aging such as weaker grip strength, slower walk-
ing speed, lower fluid intelligence, shorter leukocyte telomere 
length, and ultimately increased mortality risk, as well as with 
many different neurological, psychiatric, and systemic disorders 
(Cole, Ritchie, et al. 2017; Kaufmann et al. 2019). Particularly in 
people with multiple sclerosis (pwMS), there is robust evidence 
that brain-PAD is systematically higher than in healthy con-
trols, relates to physical disability and cognitive performance, 
and helps to predict disability progression (Brier et al. 2023; Cole 
et al. 2020; Denissen et al. 2022; Høgestøl et al. 2019; Pontillo 
et al. 2024; La Rosa et al. 2025). Therefore, brain-PAD may po-
tentially outperform other established MRI biomarkers of neu-
rodegeneration in pwMS such as the brain parenchymal fraction 
(Høgestøl et al. 2022).

However, the vast majority of studies on brain age prediction 
and corresponding models use 3D T1-weighted (T1w) MRI 
datasets, which are the most commonly available modality in 
research datasets but are not always acquired in routine clin-
ical practice for pwMS, limiting the potential of the brain-age 
paradigm for clinical translation. Indeed, according to current 
guidelines, high-resolution T1w sequences are not mandatory 
for the diagnosis or monitoring of MS, unlike 3D T2-FLAIR 
which is the core sequence due to its superior sensitivity in de-
tecting lesions (Wattjes et al. 2021). Additionally, a recent audit 
of MRI practices in the UK showed that the majority of MS 
centres audited performed 3D T2-FLAIR and only 3 performed 
3D T1 for follow-up MRIs of pwMS (Fernandes et al. 2021). In 
addition, T1w scans might be less sensitive than T2-FLAIR to 
WML, which are an important feature of MS but do not directly 
influence brain age predictions with T1w-based models (Cole 
et al. 2020). On the other hand, it is also possible that the higher 
sensitivity to WML may hinder accurate brain age predictions 
from T2-FLAIR scans.

In this study, leveraging a large multicentre collection of 3D 
T2-FLAIR scans from healthy controls from the MAGNIMS 
network, we aimed to develop an accurate brain-age predic-
tion model using T2-FLAIR scans. We tested different deep 
learning architectures and conducted head-to-head compar-
isons with analogous T1w-based benchmark models. Finally, 
we sought to determine the factors driving the model's pre-
dictions by means of explainability analyses and assessed its 
validity as a biomarker of disease severity in a single-centre 
cohort of pwMS.

2   |   Methods

2.1   |   Participants

In this retrospective multicentre study, we collected demo-
graphics and both 3D T2-FLAIR and 3D T1w MRI scans of 
healthy subjects from 14 sites, the majority of which were 
institutions in the MAGNetic resonance Imaging in MS 
(MAGNIMS) consortium (www.​magni​ms.​eu). The remain-
ing data sources included both open datasets and other re-
search groups upon request. For external validation in MS, 
we also collected clinico-demographic and MRI data of pwMS 
and healthy participants from an additional MAGNIMS site 
(Prague).

Data from 1994 healthy participants were collected for modeling 
brain age, of which 1957 had both 3D T2-FLAIR and 3D T1w MR 
images available and used in this study (M/F ratio: 1.36, mean 
age ± SD: 56.7 ± 16.2 years, age range: 18–95 years). The charac-
teristics of the individual datasets are described in Table 1. The 
histogram of age distribution is shown in Figure S1. The MS val-
idation cohort consisted of 1787 pwMS (1555 relapsing–remit-
ting, 213 secondary progressive, 19 primary progressive) and a 
further 102 healthy controls (Table 2).

The project was carried out in accordance with the Declaration 
of Helsinki. Written informed consent was obtained from each 
participant independently at each centre. The final protocol for 
this study was reviewed and approved by the local ethics com-
mittees (project ID number 19143/001) and the MAGNIMS 
Study Group Steering Committee.

2.2   |   Brain Age Modeling

Three 3D CNN architectures recently used to obtain state-
of-the-art performance in brain age prediction were trained 
and evaluated on the healthy control data: a simple fully con-
volutional network (SFCN) (Peng et  al.  2021), a DenseNet-169 
(Wood et al. 2022), and a 3D Inception-ResNet-V2, referred to 
as InceptionNet in this work (Bashyam et al. 2020). These ar-
chitectures have been previously trained from scratch (without 
pre-training) for brain age prediction tasks on training datasets 
of a comparable size to ours, showing good performances (Cole, 
Poudel, et  al.  2017; Montella et  al.  2024). Additionally, when 
available (i.e., for the SFCN), we used pre-trained weights to 
initialise the model, ensuring smooth adaptation to relatively 
smaller training data. Details on the models' architecture and 
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the training/validation/testing procedures are provided in 
the Data  S1. Briefly, MR images underwent minimal prepro-
cessing including intensity inhomogeneity correction using 
the N4 method and affine registration to the MNI152 tem-
plate. Alternative preprocessing pipelines were also evaluated, 

including rigid (rather than affine) registration to the MNI152 
template or using skull-stripped (rather than whole-head) vol-
umes. Before being presented to the models, images were resa-
mpled/cropped to reduce array size and computational burden 
while retaining anatomical details, normalised by subtracting 

TABLE 1    |    Demographic and MRI characteristics of the brain age modeling cohort.

Cohorts

MR field 
strength 
(Tesla)

N 
subjects

Age 
range 

(years)

Mean 
age ± SD 
(years)

M/F 
Ratio

Image voxel 
size FLAIR 

(mm)

Image voxel 
size T1w 

(mm) References

Brain age 
modeling 
cohort

1.5 & 3 1957 18–95 56.7 ± 16.2 1.36 Resampled 
to 1 × 1 × 1

Resampled 
to 1 × 1 × 1

~

ADNI 3 100 58–91 76.5 ± 8.0 1.04 1.2 × 1 × 1 1 × 1 × 1 1

Barcelona 3 53 23–61 45.2 ± 9.5 2.31 1 × 1 × 1 1 × 1 × 1 2

Bochum 3 49 19–65 39.2 ± 13.5 3.1 1 × 1 × 1 1 × 1 × 1 2

EPAD 1.5 & 3 886 50–88 64.3 ± 6.9 1.39 1 × 1 × 1 1.2 × 1.06 × 1.06 3

Graz 3 34 21–52 30.3 ± 8.9 1.43 1 × 1 × 1 0.8 × 0.8 × 0.8 2

Hanover 3 14 41–71 52.1 ± 8.6 0.4 0.9 × 0.51 × 0.51 0.9 × 1.02 × 1.02 2

Mainz 3 57 20–57 30.7 ± 9.9 1.19 1 × 0.5 × 0.5 1 × 1 × 1 2

Milan 3 189 18–77 33.9 ± 11.8 0.89 0.89 × 0.89 × 1 1 × 1 × 1 2

Naples 3 61 24–64 43.0 ± 11.2 0.45 1 × 1 × 1 1 × 1 × 1 4

NIFD 3 129 36–81 63.0 ± 7.6 1.3 1 × 0.98 × 0.98 1 × 1 × 1 5

NORMENT 3 315 21–95 59.2 ± 14.8 1.69 1.2 × 1 × 1 1 × 1 × 1 6

Oslo 3 24 20–51 34.7 ± 8.6 1.4 1.2 × 1 × 1 1 × 1 × 1 2

Oxford 3 11 24–58 35.9 ± 13.6 0.83 1 × 1 × 1.05 1 × 1 × 1 2

Siena 3 27 25–56 36.0 ± 8.6 0.8 1 × 0.98 × 0.98 1 × 1 × 1 2

Note: References 1 = (ADNI 2017), 2 = (Group 2021), 3 = (Solomon et al. 2018), 4 = (Tranfa et al. 2025), 5 = (Boeve et al. 2021), 6 = (Nerland et al. 2022).
Abbreviations: ADNI, alzheimer's disease neuroimaging initiative; EPAD, european prevention of alzheimer's dementia.

TABLE 2    |    Demographic and clinical characteristics of the MS validation cohort.

pwMS HC

N 1787 102

Mean age (years) 45.2 ± 8.97 40.7 ± 10.66

M/F (N) 493/1294 36/66

Mean disease duration (years) 13.8 ± 8.98 —

Mean EDSS 2.62 ± 1.36 —

RR/PP/SP (N) 1555/19/213 —

Disease-modifying therapy, first line/second line/
none (%)

50.3/34.6/15.1 —

T1w acquisition details 3T Siemens Skyra: TR = 2300ms, TE = 3ms, 
TI = 900ms, FA = 9°, 176 sagittal slices

FLAIR acquisition details 3T Siemens Skyra: TR = 5000ms, TE = 397ms, 
TI = 1800ms, FA = 120°, 176 sagittal slices

Abbreviations: EDSS, expanded disability status scale; HC, healthy controls; PP, primary progressive; pwMS, people with multiple sclerosis; RR, relapsing-remitting; 
SP, secondary progressive.
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the mean and dividing by the standard deviation, and scaled to 
make voxel values vary between 0 and 1. Online data augmenta-
tion was also performed, including random spatial and intensity 
transformations, with the goal of making the network invari-
ant to image quality variations and site effects. After randomly 
splitting the brain age modeling cohort, both T2-FLAIR and 
T1w-based models were trained on 80% of the subjects, with 10% 
left to evaluate the training progress and select the epoch with 
the highest accuracy (validation set). The best models were then 
evaluated on the remaining 10% unseen subjects (test set), with 
performance quantified in terms of mean absolute error (MAE), 
correlation coefficient (R), and coefficient of determination (R2). 
The best-performing CNN architecture was selected for further 
analyses. To reduce the variance in the predictions, we trained 
the same architecture ten times, combined the five models that 
performed best on the validation data set, and used the mean 
output as the final prediction (model averaging ensemble).

2.3   |   Age Bias

The final model was used to assess age bias (i.e., the overestima-
tion of younger subjects' brain age and underestimation of older 
subjects' brain age), quantified as the correlation coefficient be-
tween brain-PAD and chronological age in the validation set. 
Age predictions on the validation set were also used to estimate 
a linear fit between predicted and chronological age, which was 
then used to correct external predictions for age bias (de Lange 
and Cole 2020).

2.4   |   Model Interpretability

To identify the main drivers behind the models' predictions, we 
obtained subject-level saliency maps on the test set using the 
SmoothGrad method (Smilkov et al. 2017), which has previously 
been used in the brain age prediction context19. Maps were aggre-
gated by nonlinearly registering individual maps to the MNI152 
template, smoothing with a 6 mm FWHM Gaussian kernel, and 
averaging values across subjects (Levakov et al. 2020). To ana-
tomically contextualize the maps, the mean saliency and num-
ber of highly salient voxels (i.e., top 1% saliency) were computed 
for GM and WM regions of the DKT and ICBM DTI-81 atlases, 
respectively (Levakov et al. 2020).

Also, to assess the possible impact of WML on age predictions, 
we automatically segmented WML on the scans of healthy 

subjects of the test set (Valverde et al. 2017) and artificially re-
moved them using an inpainting algorithm (Prados et al. 2016) 
to obtain lesion-filled scans. Then, we compared age predictions 
obtained from raw and lesion-filled scans.

2.5   |   Statistical Analysis

Statistical analyses were performed, and plots produced, using R 
(Version 4.1.1). To compare the Mean Absolute Error (MAE) of 
different brain age models, the Standard Error (SE) was calcu-
lated using bootstrapping with 1000 samples, using the R pack-
age ‘boot’ (Davison and Hinkley 1997). The standard deviation 
(SD) was computed by multiplying the SE by 

√

N  (where N is 
the number of testing subjects, in this case 174) and used to per-
form two-tailed T-tests. In the MS validation cohort, we assessed 
possible between-group differences (pwMS vs. healthy controls, 
RR vs. SP vs. PP) in terms of brain-PAD with ANCOVA analy-
ses, adjusting for age and sex. The associations between brain-
PAD values and MS severity (as measured with the Expanded 
Disability Status Scale (EDSS)) and duration, as well as with 
other established measures of disease severity (namely, total 
lesion volume—TLV—and brain parenchymal fraction—BPF), 
were assessed with partial correlation analyses correcting for 
age and sex.

The Shapiro–Wilk Test for normality was performed to check the 
distributions of variables before all parametric tests. Bonferroni 
correction for family-wise error was performed on all p-value 
thresholds when testing for significance to keep the false posi-
tive rate at 0.05 for each set of tests.

3   |   Results

3.1   |   Brain Age Prediction

The three 3D CNN models were trained, validated, and tested 
on 1394/174/174 participants respectively, as 215 subjects 
with multiple time points were excluded from model training. 
Prediction accuracies on the test set are shown in Table  3. 
When using T2-FLAIR scans, the Inception-ResNet-V2 model 
yielded the highest accuracy (MAE = 3.31 years, R2 = 0.944), 
outperforming the SFCN model (MAE = 4.12, R2 = 0.916, 
p = 0.0097) although not a statistically significant better ac-
curacy compared to the DenseNet (MAE = 3.74, R2 = 0.921, 
p = 0.15) model. For T1w-based models, the highest accuracy 

TABLE 3    |    Performance of the 3 CNN models in the test set, evaluated on FLAIR and T1w scans.

Model

FLAIR T1w

MAE R R2 p MAE R R2 p

Inception-ResNet-V2 3.31 ± 2.44 0.972 0.944 ~ 3.34 ± 2.47 0.971 0.942 0.91

DenseNet169 3.74 ± 3.14 0.960 0.921 0.15 3.43 ± 2.98 0.965 0.931 0.76

SFCN (pretrained) 4.12 ± 3.31 0.957 0.916 0.0097 3.45 ± 3.31 0.965 0.931 0.73

Note: The p value for T1w Inception-ResNet-V2 model based on the comparison with the FLAIR Inception-ResNet-V2 model. All remaining p-values for DenseNet169 
and SFCN models are based on the comparison with the Inception-ResNet-V2 model using the same modality. Bootstrapping with 1000 samples was used to derive 
standard errors to perform t-tests. For statistically significant comparisons, p-values are reported in bold.
Abbreviation: MAE, mean absolute error.
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was also achieved with the Inception-ResNet-V2 architecture 
(MAE = 3.34 years, R2 = 0.942), although with no significant 
difference between architectures (p = 0.76 and 0.73 for the 
comparisons with the DenseNet and the SFCN models, respec-
tively). There was no significant difference between FLAIR 
and T1w-based models for the best-performing architecture 
(p = 0.91), with a high correlation between the corresponding 
age predictions (R2 = 0.937).

When evaluating the impact of different preprocessing strate-
gies on the model performance, there were no significant effects 
of the preprocessing pipeline, except for a decrease in accuracy 
when using skull-stripped T1w images (MAE = 4.44 years, 
R2 = 0.896, p = 0.00051) (Table S1).

Ensemble averaging of Inception-ResNet-V2 models (i.e., trained 
5 times with random initialization of the weights) yielded an 
improvement in accuracy when relying on the FLAIR, T1, or 

FLAIR+T1 predictions (Table  S2). There was no significant 
performance difference across modalities (MAEs of 2.81 and 
2.84 years for the FLAIR x5 and T1w x5 ensembles, respec-
tively). A combination of FLAIR and T1w, by averaging the pre-
dictions, yielded an improvement in performance, although this 
was not significant (MAE = 2.57, p = 0.30) (Figure S4). Based on 
these results, the FLAIR x5 and T1w x5 ensembles, as well as 
their combination, were selected as the final models for brain 
age prediction.

3.1.1   |   Age Bias

Both the FLAIR and T1w models tended to overestimate 
brain age in younger subjects and vice versa, with biases 
(i.e., the correlation between chronological age and brain-
PAD) of −0.241 and −0.340, respectively (Figure 2). The bias 
correction procedure greatly reduced the bias of the FLAIR 

FIGURE 2    |    Scatter plots showing the predictive performance and the age bias of the models. Correlations of brain-predicted age with chronolog-
ical age are shown in the left column. The other columns display the correlations between brain-PAD and chronological age, before (middle column) 
and after (right column) bias correction. The FLAIR-based model is shown in the top row, the T1w-based model in the middle row, and the combined 
T1w + FLAIR model in the bottom row. MAE = mean absolute error. Bias is defined as the Pearson correlation coefficient between chronological age 
and brain-PAD.

 10970193, 2026, 5, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/hbm

.70425 by U
niversity D

egli Studi D
i V

erona, W
iley O

nline L
ibrary on [20/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



7 of 13Human Brain Mapping, 2026

and T1w models to −0.033 and −0.081 for the FLAIR and 
T1w models, respectively, while only marginally reducing 
the models' accuracies (MAE increasing from 2.81 to 2.89 for 
the FLAIR model and from 2.84 to 2.91 for the T1w model) 
(Figure 2).

3.1.2   |   Model Interpretability

Group-averaged saliency maps from the test set for the FLAIR 
and T1w models are shown in Figure  3. The mean saliency 
and number/proportion of highly salient voxels for the most 
influential regions are presented in Tables S3 and S4. For both 
modalities, the model predictions were mostly driven by re-
gions within the brain, with a particular focus on areas such 
as the ventricles, thalamic/diencephalic and nucleo-capsular 
structures, and the brainstem. However, high saliency was 
also observable in cervicofacial regions, with a prominent role 
for retroorbital fat in the T1w model, suggesting that areas 
outside the brain may also contain age-related information, 
especially from a T1 contrast. Similar brain regions were 
highlighted in saliency maps obtained for models trained on 
skull-stripped images (Figure S6).

As for the impact of WML, there were 2.6 ± 19.4 lesions 
on average per subject, with a mean lesion volume of 
10,550 ± 16,147 mm3 in the 174 subjects of the test set. An ex-
ample of a lesion-filled FLAIR scan is shown in Figure S5. Age 
predictions obtained with the Inception-ResNet-V2 FLAIR 
model on lesion-filled scans did not significantly differ from 
those based on raw images (MAE lesion filled: 3.35 vs. raw: 

3.31, p = 0.88), suggesting that WML did not contribute to 
brain age estimation (Table S5).

3.2   |   Validation in Multiple Sclerosis

The 3D Inception-ResNet-V2 model remained accurate with 
healthy controls from the independent validation cohort, which 
was not included in the training and evaluation procedure, with 
MAEs of 3.47 and 4.86 for the FLAIR and T1w models respec-
tively. When analyzing the brain-PAD values of pwMS, their 
brains looked significantly older on average than those of healthy 
controls (age- and sex-adjusted mean brain-PAD = FLAIR: 7.07 
vs −0.50 years, p < 0.0001; T1w: 7.66 vs 3.79 years, p < 0.0001) 
(Figure 4). The brain-PAD metric was also sensitive to clinical 
phenotype (p < 0.0001), with patients with secondary progres-
sive forms showing higher values compared to patients with 
a relapsing remitting disease course (adjusted mean brain-
PAD = FLAIR: 11.92 vs. 6.39 years, p < 0.0001; T1w: 11.14 vs. 
7.18 years, p < 0.0001). No significant differences emerged when 
comparing primary progressive patients with either secondary 
progressive or relapsing remitting forms (Figure  5), however 
there was a significant difference between brain-PAD of the re-
lapsing remitting subtype and progressive forms (adjusted mean 
brain-PAD = FLAIR: 6.39 vs. 11.67, p < 0.0001; T1w: 7.18 vs. 
10.95, p < 0.0001).

Brain-PAD was also significantly associated with disease dura-
tion and severity (using linear models with age and gender as 
covariates), with older appearing brains corresponding to lon-
ger disease lengths (FLAIR: R = 0.24, p < 0.0001; T1w: R = 0.22, 

FIGURE 3    |    Group average saliency maps. Saliency maps for FLAIR-based (top) and T1w-based (bottom) InceptionNet models, normalized to the 
MNI space, smoothed, and averaged across subjects. Unthresholded maps are superimposed on the MNI brain template (scale displayed on the right).
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p < 0.0001) and higher EDSS scores (FLAIR: R = 0.30, p < 0.0001; 
T1w: R = 0.27, p < 0.0001) (Figure  6). Both FLAIR- and T1w-
based brain-PAD values were found to correlate with TLV (0.610 
and 0.475, respectively, p < 0.0001) and BPF (−0.600 and −0.493, 
respectively, p < 0.0001).

4   |   Discussion

Leveraging a large multicentre MRI dataset, we developed an 
accurate brain-age model relying on 3D T2-FLAIR images that 
have potential for clinical applicability in MS.

FIGURE 4    |    Between-group comparison in terms of Brain-PAD. Box plots of Brain-PAD for pwMS (MS) and healthy controls (HC) of the valida-
tion cohort, for the FLAIR, T1w, and FLAIR + T1w InceptionNet models (from left to right).

FIGURE 5    |    Box plots of Brain-PAD for MS subtypes (RR-Relapsing–remitting, SP-Secondary progressive, PP-Primary progressive) for FLAIR, 
T1w, and FLAIR + T1w InceptionNet models (from left to right).
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The model was based on a 3D version of the Inception-
ResNet-v2, which slightly outperformed the state-of-the-art 
DenseNet169 and SFCN architectures. We showed that the 3D 
T2-FLAIR and T1w-based models achieved comparable accu-
racies, suggesting a similar amount of age-related information 
is contained in the two sequences. Interestingly, averaging the 
T2-FLAIR and T1w predictions slightly improved the model's 
accuracy further. This shows that the two sequences also yield 
complementary, contrast-specific, information, and highlight 
the potential of multimodal imaging for brain age prediction 
(Rokicki et al.  2021). The choice of the preprocessing strategy 
did not appear to influence the models' accuracies, except for a 
small detrimental effect of skull-stripping on T1w-based brain 
age predictions, potentially due to removal of CSF spaces or ex-
tracranial tissues.

As for all brain age prediction models, our model was also prone 
to age bias, that is, the overestimation of age in younger subjects 
and vice versa, which was effectively reduced with minimal 
accuracy loss using a linear correction model. This highlights 
once again the importance of applying an adequate statisti-
cal bias correction before or during downstream analyses (de 
Lange and Cole 2020). In line with previous evidence on state-
of-the-art T1w-based brain age models (Dörfel et al. 2023), our 
model showed excellent test–retest reliability in healthy con-
trols, demonstrating its robustness to acquisition-related, non-
biologically relevant factors.

When looking at what was driving brain age predictions, the 
3D T2-FLAIR model was shown to use plausible imaging fea-
tures. Saliency maps highlighted structures encompassing the 
deep grey matter nuclei and the ventricles, possibly pointing at 
age-related subcortical volume loss. The thalamus was the most 

salient structure, which is potentially explained by previous evi-
dence showing a consistently linear volume loss of the thalamus 
with age, as opposed to age-related cortical thinning which can 
be more heterogenous (Bethlehem et al. 2022). Interestingly, the 
comparison between model predictions obtained on raw versus 
lesion-filled brain scans showed that the presence of WML did 
not significantly influence age estimation. Indeed, the incidence 
and load of WML associated with healthy ageing are relatively 
low (Kim et al. 2008), which substantiates the marginal weight 
attributed to this feature by brain age prediction models. This 
observation also suggests that MS-related demyelinating le-
sions are unlikely to skew the model's predictions too heavily, as 
shown in previous studies (Cole et al. 2020; Pontillo et al. 2024). 
Of note, the T1w model additionally made use of the signal 
from areas outside the brain such as the orbits, which may be 
explained by age-related changes in body composition and ad-
ipose tissue characteristics (Beck et al. 2024; Darcy et al. 2008; 
Ou et al. 2022; Ponti et al. 2019), which are best captured on the 
T1 contrast.

We externally validated the model on a large MS dataset, cor-
roborating an expanding body of evidence that demonstrates the 
association between the brain-PAD metric and measures of clin-
ical interest in MS (Brier et al. 2023; Cole et al. 2020; Høgestøl 
et al. 2019; Pontillo et al. 2024). Importantly, we showed higher 
brain-PAD values in MS patients compared to healthy controls 
for both the 3D T2-FLAIR and the 3D T1w-based models. The 
brain-PAD metric was also sensitive to clinical phenotype, with 
the brains of patients with secondary progressive MS appearing 
significantly older than those of patients with a relapsing–remit-
ting form on both sequences. Brain-PAD was additionally shown 
to correlate with disease severity and duration, with higher 
values associated with longer disease length and higher EDSS 

FIGURE 6    |    Validation of the brain-PAD metric in the MS cohort. Scatter plots of Brain-PAD and disease duration (years) in the top row and 
Brain-PAD and EDSS in the bottom row for FLAIR, T1w, and FLAIR + T1w models (from left to right). Correlation analysis adjusted for age and 
gender as covariates.
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scores. Taken together, these results show that T2-FLAIR-based 
brain age predictions are at least non-inferior to more estab-
lished T1w-based models as a biomarker of MS severity and pro-
gression, with the advantage of being more readily available in 
clinical practice. Additionally, due to the complementary infor-
mation provided by the two contrasts, both models could be used 
in conjunction where possible. Practical clinical utility is further 
enhanced by the reliance on minimally pre-processed images, 
which makes the prediction models faster and less susceptible 
to bias from pre-processing decisions (Baecker et al. 2021). Also, 
having trained the model on a large and diverse dataset includ-
ing data from many different centres enhances its potential gen-
eralisability, as evidenced by its high accuracy on the healthy 
control data from the external validation cohort.

Some limitations of this work should be acknowledged. First, 
most of the training data was acquired on 3 T MRI scanners, and 
it is unclear whether the models would be less accurate on the 
more common 1.5 T scanner images, potentially limiting their 
generalizability to real-world scenarios. Additionally, while our 
brain age model was accurate and captured biologically plausi-
ble information in the MRI data, additional steps will be needed 
to drive the proposed approach toward clinical applicability 
in a real-world setting, including the estimation of the uncer-
tainty associated with the predictions (Faghani et al. 2023; Wei 
et  al.  2023), and the demonstration that the proposed metric 
adds information above and beyond other established MRI-
derived biomarkers of neurodegeneration (e.g., global and re-
gional brain volumes), ultimately resulting in a positive impact 
on the management of patients. Indeed, it is likely that brain age 
estimation is strongly influenced by diffuse brain atrophy, as 
shown in previous work (Cole et al. 2020; Pontillo et al. 2024) 
and hinted at by the strong correlation of both FLAIR- and 
T1w-derived brain-PAD values with BPF. However, while sys-
tematically investigating the additional information conveyed 
by brain age estimation over measures of global brain atrophy 
was beyond the scope of our work and would require dedicated 
study designs, the observation that FLAIR- and T1w-derived 
brain-PAD values correlated more strongly with each other 
than with BPF, as well as the saliency maps highlighting spe-
cific regions that are known to be prominently involved in MS, 
suggest that they are capturing additional information that is 
not already accounted for by global brain atrophy. Our model 
utilized minimally pre-processed images which were not skull 
stripped in order to retain all potentially useful information 
(e.g., extra-axial CSF spaces) and use scans in the rawest pos-
sible form. However, a limitation linked to this approach is that 
the models could potentially be using information from outside 
the brain for age prediction. An additional limitation is the rela-
tively small size of our dataset and testing subset. Also, while the 
MS validation cohort was relatively large and clinically diverse, 
it was drawn from a single centre, which could limit the general-
izability of our findings. Future work with larger (independent) 
test sets and/or cross-validation (Bradshaw et al. 2023), as well 
as with multi-centre clinical validation, could provide more ro-
bust estimates of the models' performance and generalizability. 
Also, as recent preliminary research suggests that the brain's bi-
ological age is influenced by MS-related treatment (McMurran 
et al. 2025), future studies applying the brain age paradigm in 
a longitudinal setting will be important to clarify the effects of 
disease modifying therapies on the brain-PAD metric.

In conclusion, we developed and validated an accurate 3D T2-
FLAIR brain age prediction model that is comparable to a T1w 
model, captures biologically plausible features from the images, 
and is related to disease duration and severity in pwMS, repre-
senting a viable solution for biomarker quantification in clinical 
practice.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Figure S1: Histograms showing the 
age distribution of healthy subjects forming the brain age modeling co-
hort for the training (top), validation (middle), and testing (bottom) sub-
sets. The male: female ratios of the training/validation/testing subsets 
were 1.36/1.19/1.18. Figure S2: Outline of the DenseNet architecture 
design. The Dense block is shown on the left and the overall network 
is on the right. Conv = 3D convolutional layer. Concat = concatena-
tion, FC = fully connected neural network layer(s) (Huang et al. 2016). 
Figure S3: 3D Inception-ResNet-V2 architecture design. (A) shows the 
overall architecture of the convolutional neural network using different 
blocks, with reduction blocks used to reduce matrix size and aggregate 
features. The matrix is reduced in size until it measures 4 × 5 × 4 where 
an average pool is taken and entered into a fully connected neural net-
work which outputs the age estimate. (B) shows the initial stem archi-
tecture. (C) shows the different CNN analysis structures repeated in 
A. The convolutional blocks (and stem) were altered to allow for anal-
ysis of a 3D image, adding an additional layer for the extra dimension 
axis. FC = fully connected NN layer(s). Conv = 3D convolutional layer, 
concat = concatenation (Szegedy et al., 2017). Figure S4: Distributions 
of absolute errors in age prediction for the FLAIR x5 ensemble of the 
Inception-ResNet-V2, the x5 ensemble T1w model, and the combined 
FLAIR x5 + T1w x5 ensemble model. There was no significant differ-
ence between models using a T-test (FLAIR vs. T1w p = 0.90, FLAIR vs. 
T1w&FLAIR p = 0.30). The standard deviation of the absolute error was 
calculated with bootstrapping and used to perform a T-test, showing no 
significant difference across modalities. Figure S5: (A) FLAIR of a sub-
ject with white matter lesions, (B) Same MRI as A with lesions filled, (C) 
Automatically generated white matter lesion masked used to fill lesions. 
Figure S6: Group average saliency maps for models obtained from 
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skull-stripped images. Saliency maps for FLAIR-based (top) and T1w-
based (bottom) trained on skull-stripped images with InceptionNet, 
normalised to the MNI space, smoothed, and averaged across subjects. 
Unthresholded maps are superimposed on the MNI brain template 
(scale displayed on the right). Table S1: Performance in the test set of 
Inception-ResNet-V2 models trained and evaluated on images prepro-
cessed according to different pipelines. Standard pre-processing con-
sisted of affine registration to MNI space, N4 bias correction, and no 
skull stripping. Table S2: Table comparing accuracy measures of differ-
ent combinations of FLAIR and T1w Inception-ResNet-V2 models. To 
reduce the variance in the predictions, the same network was trained 
ten times: the best model was chosen based on the lowest validation set 
MAE, and the five best-performing models were combined in an ensem-
ble by averaging their predictions. The p values are reported for the dif-
ference between ensemble and single best models. The FLAIR x5 + T1w 
x5 ensemble model was significantly more accurate than the single best 
FLAIR (p = 0.03) and single best T1w (p = 0.05) models. There were 
no significant differences for the FLAIR x5 + T1w x5 ensemble vs. the 
FLAIR x5 or T1w ensembles (p > 0.30). Table  S3: FLAIR Inception-
ResNet-v2 brain age Saliency of atlas areas with > 100 highly salient 
voxels. Table S4: T1w Inception-ResNet-v2 brain age model saliency of 
atlas areas with > 100 highly salient voxels. Table S5:. Comparison of 
the FLAIR and T1w Inception Net models evaluated on MRI scans with 
and without lesion filling. Standard deviations were calculated with 
1000 sample bootstrapping of the mean absolute error and p values were 
obtained with T-tests. Table S6: Correlation matrix of FLAIR- and T1w-
based brain-PAD values with established MRI-derived measures of MS 
severity, namely total lesion volume (TLV) and brain parenchymal frac-
tion (BPF), obtained in the MS cohort. Pearson correlations were ad-
justed for age and gender. ***p < 0.001. 
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