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ABSTRACT

A key challenge in medical image analysis is the scarcity of large annotated datasets for specific
populations and diseases. As deep learning models rely heavily on labeled data, effective transfer
learning strategies are needed to reduce the dependence on manual annotations. Self-supervised learn-
ing has emerged as a promising approach for developing foundation models by enabling the learning
of transferable feature representations from large-scale unlabeled medical imaging datasets. In this
study, we investigate voxel-level brain age prediction as a domain-specific self-supervised pretext
task and compare it with image inpainting, a widely used non-domain-specific alternative. We further
propose a multitask self-supervised pretraining framework that jointly optimizes both objectives to
learn complementary neuroimaging representations. The pretrained models are evaluated on three
downstream magnetic resonance image segmentation tasks: multiple sclerosis lesion segmentation,
ischemic stroke lesion segmentation, and cortical brain structure segmentation.

Overall, the proposed multitask pretraining framework consistently outperformed the single-task
pretrained models and training from scratch across most experimental settings, demonstrating the
benefit of combining domain-specific and general self-supervised learning pretext tasks for the

development of generalizable neuroimaging foundation models.
Code Availability: The source code used in this study is publicly available at GitHub repository.

1. Introduction

Data scarcity remains a major challenge in training
deep learning (DL) models for medical image segmentation,
where labelled data is limited due to the time-consuming na-
ture of image annotation and the need for expert knowledge.
Since most DL frameworks rely on supervised learning, they
require large amounts of annotated data to learn appropriate
representations.

Developing medical imaging foundation models (FMs)
that learn transferable representations from diverse unla-
beled medical imaging datasets has emerged as a promising
solution to this challenge. Once pretrained, these models
can be efficiently adapted to multiple downstream tasks
using only limited annotated data [He et al., 2025]. Cross-
domain generalization, which refers to the model’s ability
to perform well on new tasks or datasets that differ from
the data it was initially trained on, for example, adapting
a model trained on healthy brain scans to segment tumours
or detect neurological disorders, is a key advantage of such
models. A FM with this capability can be fine-tuned for
downstream tasks using limited annotated data [He et al.,
2021]. However, the success of such models relies on the
ability to learn robust and transferable representations.

Given the difficulty of manual annotation, self-supervised
learning has emerged as an alternative paradigm for feature
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learning [Zheng, 2024]. Self-supervised learning uses pre-
text tasks such as learning spatial relationships, predicting
image rotations, and masking and then reconstructing image
patches to extract useful representations from unlabeled
data. Masked Autoencoder pretrains Vision Transformers by
randomly masking image regions and predicting the missing
content, a technique known as masked image modelling
[Kim et al., 2025]. Kim et al. [Kim et al., 2025] extended
this concept to Swin Transformers and demonstrated their
effectiveness in learning visual representations without re-
quiring large labelled datasets.

Despite these advances, most existing self-supervised
pretext tasks are general (i.e., domain-agnostic), aiming to
learn general visual representations rather than anatomi-
cally meaningful neuroimaging features. Consequently, their
direct application to 3D brain magnetic resonance (MR)
images may not fully exploit domain-specific anatomi-
cal knowledge. Designing domain-specific pretext tasks
is therefore essential to encourage models to learn rep-
resentations that are more relevant to medical imaging
applications [Kim et al., 2025]. Motivated by this, we
previously proposed voxel-level brain age prediction as a
domain-specific self-supervised pretext task [Nasser et al.,
2026]. Unlike conventional self-supervised pretext tasks
that primarily exploit image statistics, voxel-level brain age
prediction incorporates domain knowledge by using the
assumption that the chronological age is equal to the brain
age in healthy subjects as supervision. This encourages
the model to learn representations that are anatomically
and biologically meaningful, capturing structural variations
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associated with the normal aging process. Since chrono-
logical age is routinely available as demographic metadata
in normative neuroimaging datasets, it provides a practical
and annotation-free source of supervision for large-scale
neuroimaging pretraining.

Therefore, in this work, we aim to take a step further
beyond our previous study [Nasser et al., 2026], which
investigated voxel-level brain age prediction as a domain-
specific pretext task for brain segmentation in data-scarce
scenarios. Rather than investigating domain-specific and
general pretraining tasks independently, we evaluate both
single-task pretraining strategies and a multitask pretraining
framework that jointly learns image inpainting and voxel-
level brain age prediction.

The pretrained models are evaluated on three down-
stream MR image segmentation tasks. The first two tasks,
multiple sclerosis (MS) lesion segmentation and ischemic
stroke lesion segmentation, are not directly associated with
brain aging. The last task is cortical brain structure segmen-
tation, an age-related task. Evaluating these diverse down-
stream tasks allows us to investigate whether voxel-level
brain age prediction learns, in addition to a general pretext
task (i.e., image inpainting), transferable representations that
generalize beyond age-related applications.

The main contribution of this work is to demonstrate
that voxel-level brain age prediction, particularly when com-
bined with multitask pretraining, serves as an effective self-
supervised pretext task for brain MR image segmentation
across both age-related and non-age-related downstream
applications.

2. Methodology

2.1. Proposed Framework

This work investigates combining voxel-level brain age
prediction, a domain-specific self-supervised pretext task,
with image inpainting, a general pretext task, to build a brain
MR foundation model. Based on preliminary architecture-
selection experiments conducted using the voxel-level brain
age prediction task, SwWinUNETR was selected as the back-
bone for the proposed framework. We compare this com-
bined approach with models pretrained using image inpaint-
ing alone and voxel-level brain age prediction alone. We
evaluate the pretrained models on three downstream MR
image segmentation tasks. MS lesion segmentation and is-
chemic stroke lesion segmentation serve as non-age-related
tasks, while cortical brain structure segmentation serves as
an age-related task. This choice was deliberate, since the
voxel-level brain age prediction pretext may not general-
ize well to non-age-related downstream tasks. Because the
downstream tasks require different MR input sequences,
each pretraining strategy is designed to match the sequences
required by its corresponding downstream task. Figure 1|
presents an overview of the proposed framework.

2.2. Datasets
2.2.1. Datasets for Pretext Tasks

Two pretraining dataset configurations were selected
according to the imaging modalities required by the cor-
responding downstream segmentation tasks. Paired T1-
weighted (T1w) and Fluid-Attenuated Inversion Recovery
(FLAIR) MR images were used for pretraining prior to
MS lesion segmentation, whereas T1w-only images were
used for pretraining prior to cortical brain structure and
ischemic stroke lesion segmentation. A summary of the pre-
training datasets, including their age and sex distributions,
is presented in Figure 2. Each dataset configuration was
used to train the three self-supervised pretraining strategies:
voxel-level brain age prediction, image inpainting, and the
proposed multitask framework, before fine-tuning on the
corresponding downstream segmentation tasks.

Pretraining dataset for MS lesion segmentation

Since MS lesion segmentation requires both T1w and
FLAIR MR scans, the three self-supervised pretraining
strategies were trained using paired T1w and FLAIR scans
from the Calgary Normative Study (CNS) [McCreary et al.,
2020] (Figure 2b). The dataset was divided into 423 training,
122 validation, and 63 test scans for self-supervised pretrain-
ing.

Pretraining dataset for ischemic stroke lesion seg-
mentation and brain cortical segmentation
Cortical brain structure segmentation and ischemic stroke
lesion segmentation require only Tlw MR scans. There-
fore, we compiled a multi-source dataset of normative T1w
MR scans from individuals aged 18—-80 years using sev-
eral publicly available datasets, as shown in Figure 2a.
These included CORR [Zuo et al., 2014], IXI [IXI Dataset],
ABIDE I [Di Martino et al., 2014], ABIDE II [Di Martino
et al., 2017], OASIS-1 [Marcus et al., 2007], ADNI [Jack
et al., 2008], Cam-CAN [Shafto et al., 2014], the Calgary-
Campinas dataset [Souza et al., 2018], and the CNS [Mc-
Creary et al., 2020].

To encourage the pretrained models to learn representa-
tive features across the adult lifespan, the dataset was curated
to maintain a balanced age and sex distribution across the
training, validation, and test sets. This balanced sampling re-
duces demographic bias during pretraining and promotes the
learning of more generalizable feature representations. The
resulting multi-source T1w pretraining dataset comprised
1,710 MR scans, including 1,025 training, 428 validation,
and 257 test scans.

2.2.2. Dataset for MS Lesion Segmentation

The MS lesion segmentation experiments were per-
formed using the MSLesSeg dataset [Guarnera et al., 2025].
The dataset comprises 115 MR scans from 75 patients with
MS and includes paired Tlw and FLAIR images together
with expert manual lesion annotations.
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Figure 1: Overview of the proposed framework. The figure illustrates the self-supervised pretraining strategies and their transfer
to downstream MR segmentation tasks. Three pretraining strategies are investigated: (1) single-task image inpainting, in which
masked MR volumes are used as input and the model reconstructs the original image; (2) single-task voxel-level brain age
prediction, in which the full MR volume is used to predict a 3D voxel-wise brain age map; and (3) multitask pretraining, which
jointly learns both image inpainting and voxel-level brain age prediction, producing both reconstructed MR and voxel-wise age
map outputs. The pretrained SwinUNETR model is subsequently fine-tuned on three downstream segmentation tasks: multiple
sclerosis lesion segmentation, and stroke lesion segmentation (non age-related), cortical brain structure segmentation (age-related)
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Figure 2: Age and sex distributions of the pretraining datasets. (a) Multi-source T1w dataset used for pretraining prior to ischemic
stroke lesion and cortical brain structure segmentation. (b) Calgary Normative Study (CNS) dataset, containing paired T1w and
FLAIR images, used for pretraining prior to MS lesion segmentation.

2.2.3. Dataset for Ischemic Stroke Lesion 1991, Cotinat et al., 2025, Hernandez Petzsche et al., 2022].
Segmentation Restricting the dataset to chronic-stage cases, where these
We utilized the ISLES 2026 Challenge training dataset transient processes have largely resolved, provided a more
[noa, Absher et al., 2024], which comprises 1,453 cases consistent setting for evaluating the impact of different pre-
collected from multiple centers. To focus the analysis on a  training strategies on downstream stroke lesion segmenta-
more stable stage of stroke pathology, cases acquired during tion. After these exclusions, 649 chronic-stage scans re-
the acute and subacute phases were excluded. During these ~ mained for the experiments.
earlier stages, stroke lesions undergo dynamic biological and
structural changes, including evolving edema, inflammatory
responses, and tissue remodeling, resulting in substantial
variability in lesion appearance and boundaries [Yuh et al.,
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2.2.4. Dataset for Cortical Brain Structure
Segmentation
The Mindboggle-101 dataset [Klein and Tourville, 2012]
was used for the healthy brain cortical segmentation task.
The dataset consists of 101 TIw MR images from healthy
participants collected from multiple publicly available neu-
roimaging datasets. The constituent datasets include the

Nathan Kline Institute Rockland Sample (NKI-RS-22), Nathan

Kline Institute Test—Retest dataset (NKI-TRT-20), Multi-
Modal MRI Reproducibility Resource (MMRR-21), MMRR
3T/7T dataset (MMRR-3T7T-2), Human Language Network
dataset (HLLN-12), OASIS Test—Retest dataset (OASIS-TRT-
20), Colin27, and additional subjects included in the original
Mindboggle-101 collection.

The T1w MR images were processed using the FreeSurfer
recon-all pipeline for cortical surface reconstruction and
segmentation. Cortical regions were manually edited ac-
cording to the Desikan—Killiany—Tourville (DKT) cortical
labeling protocol, which was developed to provide anatom-
ically consistent cortical parcellations based on reliable
anatomical landmarks. The resulting manually labeled data
provide reference cortical parcellations suitable for training
and evaluating automated brain segmentation methods.

2.3. Preprocessing

For the CNS dataset used in the paired TIw—FLAIR
pretraining configuration, an additional within-subject mul-
timodal registration step was performed prior to model train-
ing. For each subject, the FLAIR image was rigidly regis-
tered to the corresponding T1w image using FreeSurfer’s
eA_robust_register, with the T1w image serving as the refer-
ence. The estimated rigid transformation was then applied to
resample the FLAIR image into T1w space, ensuring spatial
correspondence between the two modalities [Reuter et al.].
For all datasets, MR scans were resampled to an isotropic
resolution of 1 mm?3 and their intensities were normalized to
the range [0,1]. Due to GPU memory limitations, all models
were trained using randomly cropped image patches of size
128x128x128.

2.4. Model Architecture

Three network architectures, U-Net, UNETR, and Swin-
UNETR, were initially evaluated to identify the most suit-
able backbone for the proposed framework [Ronneberger
et al., 2015, Hatamizadeh et al., 2022, Tang et al., 2022].
U-Net relies on convolutional operations, whereas UNETR
employs a Transformer-based encoder to capture global
contextual information. SWinUNETR combines hierarchi-
cal feature extraction with window-based self-attention, en-
abling efficient modeling of both local anatomical details
and long-range spatial dependencies. These characteristics
make it particularly well suited for learning volumetric brain
MR representations. Based on a preliminary comparison
using the voxel-level brain age prediction task (Table 1),
SwinUNETR achieved the best performance across both pre-
training dataset configurations and was therefore selected as
the backbone for all subsequent pretraining and downstream
segmentation experiments.

2.5. Self-Supervised Pretraining Strategies
To develop the proposed neuroimaging FM, SwinUNETR

was pretrained using three self-supervised learning strate-
gies: image inpainting (Section 2.5.1), voxel-level brain
age prediction (Section 2.5.2), and a multitask framework
(Section 2.5.3) that jointly optimizes both objectives. Each
strategy was independently pretrained using the datasets
illustrated in Figure 2 before being fine-tuned on the down-
stream segmentation tasks. The pretraining input modalities
were selected to match the requirements of the correspond-
ing downstream task. Specifically, Tlw MR was used for
cortical brain structure segmentation and ischemic stroke
lesion segmentation, whereas concatenated T1w and FLAIR
images were used for MS lesion segmentation to maintain
consistency between the pretraining and downstream input
modalities. For each pretraining strategy, multiple optimiza-
tion hyperparameter configurations were empirically evalu-
ated during preliminary experiments. The best-performing
configuration, selected based on the validation set, was
adopted and is reported in the corresponding subsection.

2.5.1. Image Inpainting

Image inpainting was selected as a non-domain specific
self supervised pretext task because it is well established
in the computer vision domain [Pathak et al., 2016]. The
objective is to reconstruct missing regions of an input MR
volume by exploiting the anatomical context of the sur-
rounding voxels, thereby encouraging the model to learn
meaningful structural representations that can be transferred
to downstream tasks.

Following previous work [Elharrouss et al., 2020, Kim
et al., 2025, Tang et al., 2022], missing regions were sim-
ulated using a coarse dropout strategy. Specifically, 12 cu-
bic regions of size (32 X 32 X 32) were randomly re-
moved/cropped from each input patch of size (128 x 128 x
128), masking approximately 19% of the input volume.
Randomly positioned masks avoid the trivial solutions asso-
ciated with fixed masking patterns while exposing the model
to diverse anatomical contexts during training.

The network was trained to reconstruct the original MR
volume from the corrupted input. To improve reconstruc-
tion quality beyond voxel-wise similarity, a perceptual loss
based on AlexNet feature representations was incorporated,
encouraging the reconstructed images to preserve high-level
anatomical structures in addition to local image intensities
[Zhang et al., 2018, Stoean et al., 2022].

The model was trained using the Adam optimizer with
an initial learning rate of 1 X 1073 and a weight decay of
1x 1074, A StepLR scheduler was employed with a step size
of 70 epochs and a decay factor of y = 0.8. The network was
optimized by minimizing the perceptual reconstruction loss.

2.5.2. Voxel-Level Brain Age Prediction

Voxel-level brain age prediction is proposed as a domain-
specific self-supervised pretext task in which the network
learns to predict a 3D brain age map from the input MR
volume. Unlike conventional brain age prediction, which
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estimates a single chronological age for the entire brain, the
proposed formulation assigns an age value to every voxel
within the brain mask, encouraging the network to learn
spatially localized age-related anatomical representations.

To generate the training labels, each voxel within the
brain mask was assigned the subject’s chronological age.
During training, integer noise uniformly sampled from ([-
2,2]) years was added to the age labels to introduce voxel-
wise label variability and prevent the network from converg-
ing to the trivial solution of assigning the same age value to
all voxels [Gianchandani et al., 2024]. The noise was applied
only during training and was removed during validation
and testing, where the original chronological age was used
to provide an unbiased evaluation of the learned represen-
tations. The relatively small noise range was selected to
introduce sufficient variability while avoiding systematic
bias in the age prediction task [Gianchandani et al., 2024].

The network was optimized using the Mean Absolute
Error (MAE) loss, computed between the predicted and
ground-truth voxel-wise age maps within the brain mask.
By minimizing the voxel-wise MAE, the model learns age-
sensitive representations that capture both local anatomical
characteristics and global structural information relevant to
brain aging.

The model was trained using the Adam optimizer with an
initial learning rate of 1 x 1073, a weight decay of 1 x 1074,
and a StepLR scheduler with a step size of 150 epochs and
a decay factor (y) of 0.6.

2.5.3. Multitask Framework

Building upon our previous work [Nasser et al., 2026],
we further propose a multitask self-supervised pretraining
framework that jointly optimizes voxel-level brain age pre-
diction and image inpainting. The motivation is to learn
richer and more transferable feature representations by com-
bining a domain-specific pretext task, voxel-level brain age
prediction, which encourages the network to learn anatomi-
cally meaningful contextual and age-related representations,
with a non-domain-specific pretext task, image inpainting,
which learns contextual and structural representations by
reconstructing missing image regions. By jointly optimizing
both objectives, the shared SwinUNETR encoder is encour-
aged to learn complementary representations that capture
both domain-specific anatomical characteristics and general
contextual image features.

During training, the input MR volume is first masked
using the same coarse dropout strategy employed for im-
age inpainting. The same corrupted input is then provided
to a shared SwinUNETR architecture, where both pretext
tasks share the same encoder and decoder and differ only
in their task-specific prediction heads. The reconstruction
head predicts the original MR volume, while the brain age
prediction head estimates the voxel-wise brain age map only
for the visible (non-corrupted) brain regions. This design
enables the shared network to simultaneously learn contex-
tual structural representations through image reconstruction
and contextual domain-specific anatomical representations,

while preventing the brain age prediction task from relying
on artificially masked regions.

The multitask model is optimized using a weighted
combination of the reconstruction and brain age prediction
objectives:

L = Aianperc + ﬂageLMAE (1)

where (L) denotes the perceptual reconstruction loss and
(Lwmag) 1s the voxel-wise MAE loss for brain age prediction.
The weighting coefficients were empirically set to (4;,, =
100) and (4,g, = D).

The multitask model was trained using the Adam opti-
mizer with an initial learning rate of 1 x 1073 and a weight
decay of 1 x 107, The learning rate was updated using a
StepLR scheduler with a step size of 150 epochs and a decay
factor of y = 0.8.

2.6. Fine-tuning for the Downstream
Segmentation Tasks

The pretrained models are evaluated on three down-
stream MR segmentation tasks. MS lesion segmentation and
stroke lesion segmentation are considered non-age-related
tasks, whereas cortical brain structure segmentation is se-
lected as an age-related task.

For each downstream segmentation task, multiple fine-
tuning hyperparameter configurations were empirically eval-
uated during preliminary experiments. The best-performing
configuration, selected based on the validation set, was
adopted and is reported in its corresponding subsection.

To evaluate the effect of pretraining under different levels
of downstream data availability, each task was further as-
sessed using multiple training-set sizes. The selected subset
sizes were constrained by the total number of available sub-
jects in each dataset and were chosen to span progressively
larger training regimes, beginning with the smallest feasible
subset. This design enables evaluation of the relative benefit
of pretraining compared with training from scratch in low-
data settings and how this benefit changes as the amount of
labeled downstream data increases. In particular, it allows us
to examine whether the performance advantage of pretrained
models decreases, disappears, or is potentially reversed as
sufficient labeled data become available for effective training
from scratch.

2.6.1. MS Lesion Segmentation

Unlike the other downstream tasks, MS lesion segmen-
tation requires both Tlw and FLAIR MR, as MS lesions
are often difficult to identify on T1w images alone and are
better visualized on FLAIR. Consequently, pretraining for
this task was performed using the paired T1lw and FLAIR
images from the CNS dataset.

The downstream segmentation experiments were con-
ducted using progressively increasing training set sizes of
11, 22, 30, 42, 50, and 58 subjects, while maintaining fixed
validation and test sets of 20 and 15 subjects, respectively.
For each training set size, four initialization strategies were
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evaluated: training from scratch, image inpainting pretrain-
ing, voxel-level brain age prediction pretraining, and the pro-
posed multitask pretraining framework. All methods were
fine-tuned using identical training, validation, and test splits
to ensure a fair comparison.

Different fine-tuning strategies were investigated for the
MS lesion segmentation task. First, the entire pretrained
network was fine-tuned using different learning rates (1073,
1074, and 107>). We then evaluated a strategy in which the
segmentation decoder was reinitialized prior to end-to-end
fine-tuning of the entire network. The decoder was reini-
tialized to allow it to learn task-specific segmentation rep-
resentations while retaining the transferable representations
learned by the pretrained encoder. Additional experiments
included freezing the pretrained encoder while optimizing
only the reinitialized decoder and segmentation head, as well
as a progressive fine-tuning strategy in which the decoder
and segmentation head were first optimized before unfreez-
ing the entire network for joint optimization. The model
achieving the highest validation performance was selected,
and the corresponding test results are reported.

The best-performing fine-tuning strategy, in which the
segmentation decoder was reinitialized prior to end-to-end
fine-tuning of the entire network, was trained using the
Adam optimizer with an initial learning rate of 1 X 1073,
a weight decay of 1 x 107, and a StepLR scheduler with a
step size of 120 epochs and a decay factor (y) of 0.6. Mod-
els initialized from the self-supervised pretrained weights
were fine-tuned for 300 epochs, whereas the model trained
from scratch was trained for 400 epochs to allow sufficient
convergence without the benefit of pretrained initialization.
All other training settings were kept consistent across the
evaluated strategies.

2.6.2. Ischemic Stroke Lesion Segmentation

Stroke lesion segmentation was selected as an addi-
tional downstream task unrelated to brain aging, providing
a more independent assessment of the transferability of the
learned representations. In the present study, this task was
formulated using the T1w scans available in the ISLES
2026 dataset. The T1w-only input configuration enabled all
three pretraining strategies to be trained using the larger
multi-source normative pretraining dataset combined from
several publicly available cohorts. This provided a substan-
tially more diverse pretraining setting than the MS lesion
segmentation experiments, for which the requirement for
paired Tlw and FLAIR images restricted pretraining to
the CNS dataset. Consequently, the stroke lesion segmen-
tation experiments provided a complementary assessment
of whether representations learned from a larger and more
heterogeneous pretraining cohort could generalize to a non-
age-related downstream segmentation task.

A fixed validation set of 50 scans and a fixed test set of
100 scans were used throughout all experiments to ensure
direct comparability between the evaluated methods. From
the remaining scans, nested training subsets containing 10,
20, 50, 100, 150, 200, 250, 300, 350, and 400 cases were

constructed such that each smaller subset was fully con-
tained within the subsequent larger subset. To ensure a fair
comparison, identical training subsets were used across all
training strategies at each dataset size. This experimental
design simulated realistic scenarios with limited annotated
data, where pretraining is expected to provide the greatest
benefit, while ensuring that performance differences were
attributable solely to the learning strategy rather than dif-
ferences in the sampled training cohorts. The progressively
increasing training subsets enabled a systematic evaluation
of the effectiveness of pretraining under varying levels of la-
beled data availability, with particular emphasis on the low-
data regime and on how the benefits of pretraining evolve as
additional annotated training data become available.

The fine-tuning strategies evaluated for ischemic stroke
lesion segmentation were selected based on the findings
obtained from the MS lesion segmentation experiments.
Specifically, all pretrained models, including voxel-level
brain age prediction, image inpainting, and the proposed
multitask framework, were fine-tuned by updating all net-
work parameters. In addition, an alternative fine-tuning strat-
egy was evaluated for the multitask framework, in which the
decoder was randomly reinitialized while the encoder was
initialized with the pretrained weights before fine-tuning the
entire network. This strategy was included because it demon-
strated best performance in the MS lesion segmentation
experiments. Models trained from scratch were optimized
using the same network architecture and training settings to
ensure a fair comparison with their pretrained counterparts.

All models were trained for 300 epochs using the Adam
optimizer with an initial learning rate of 1 X 1073, a weight
decay of 1x 1074, and a StepLR learning-rate scheduler with
a step size of 120 epochs and a decay factor (y) of 0.6. An
effective batch size of 8 was used for all experiments. The
model achieving the lowest validation loss was selected for
evaluation on the independent test set. Each experimental
configuration, defined by the combination of training-set
size and training strategy, was repeated five times using
different random seeds to account for stochastic variation
during training. All reported quantitative results are pre-
sented as the mean + standard deviation across the five
independent runs.

2.6.3. Cortical Brain Structure Segmentation

Cortical brain structure segmentation was selected as
an age-related downstream task to evaluate whether rep-
resentations learned through voxel-level brain age predic-
tion transfer effectively to the segmentation of anatomical
structures that undergo systematic changes across the adult
lifespan. In contrast to the MS and ischemic stroke lesion
segmentation tasks, which were selected as downstream
applications not directly related to brain aging, cortical seg-
mentation provided a complementary setting for investi-
gating the transferability of the learned representations to
healthy brain anatomy. The task was formulated using the
T1w scans and corresponding DKT cortical parcellations
from the Mindboggle-101 dataset. As this task requires only
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T1w images, all three pretraining strategies were initialized
using the larger multi-source normative T1w pretraining
dataset, enabling direct comparison of voxel-level brain age
prediction, image inpainting, and the proposed multitask
framework under the same pretraining-data configuration
used for ischemic stroke lesion segmentation.

A fixed validation set of 15 scans and a fixed test set
of 20 scans were used throughout all experiments to ensure
direct comparability between the evaluated methods. From
the remaining scans, nested training subsets containing 10,
25, 45, and 65 cases were constructed such that each smaller
subset was fully contained within the subsequent larger sub-
set. Identical training subsets were used across all training
strategies at each dataset size to ensure that differences in
segmentation performance were attributable to the learning
strategy rather than differences in the sampled training co-
horts. The progressively increasing training subsets enabled
a systematic evaluation of the effectiveness of pretraining
under different levels of labeled data availability and allowed
us to investigate whether the relative benefit of the different
pretraining strategies changed as additional annotated data
became available.

The fine-tuning strategies evaluated for cortical brain
structure segmentation followed those identified as the most
effective in the preceding downstream experiments. Specifi-
cally, the voxel-level brain age prediction and image inpaint-
ing pretrained models were fine-tuned by updating all net-
work parameters. The proposed multitask pretrained model
was evaluated using two fine-tuning strategies: fine-tuning
all pretrained network parameters and randomly reinitial-
izing the decoder while retaining the pretrained encoder
weights before fine-tuning the entire network. A model
trained from scratch using the same network architecture was
included as the baseline to provide a direct comparison with
the pretrained models.

All models were trained for 300 epochs using the Adam
optimizer with an initial learning rate of 1 x 1073, a weight
decay of 1x 1074, and a StepLR learning-rate scheduler with
a step size of 150 epochs. For the model pretrained using
voxel-level brain age prediction, an additional learning-rate
scheduling configuration with a reduced step size of 100
epochs was evaluated to investigate whether more frequent
learning-rate decay could improve downstream fine-tuning
performance. However, the original configuration with a step
size of 150 epochs consistently provided better performance
and was therefore retained for the final comparison and
reported results. An effective batch size of 8 was used for all
experiments. The model achieving the lowest validation loss
was selected for evaluation on the test set. Each experimental
configuration, defined by the combination of training-set
size and training strategy, was repeated five times using
different random seeds to account for stochastic variation
during training. All reported quantitative results are pre-
sented as the mean + standard deviation across the five
independent runs.

Table 1

Backbone architecture comparison for the voxel-level brain
age prediction pretext task. Lower MAE indicates better
performance.

Multi-source T1w
MAE (years)

Architecture CNS (T1w+FLAIR)

MAE (years)

U-Net 6.4+43 6.9+4.7

UNETR 7.1+44 8.0+5.0

SwinUNETR 6.1 +41 53+ 3.1
3. Results

3.1. Self-Supervised Pretraining Strategies

To identify the most suitable backbone architecture for
the proposed voxel-level brain age prediction framework,
an ablation study was conducted using three state-of-the-
art architectures: U-Net, UNETR, and SwinUNETR. The
comparison was performed under two pretraining settings:
(1) using TIw MR from the multi-source public dataset,
and (2) using concatenated T1w and FLAIR MR from CNS
dataset. As shown in Table 1, SwinUNETR consistently
achieved the lowest MAE in both settings and was therefore
selected as the backbone architecture for all subsequent
pretraining and downstream segmentation experiments.
Table 2 summarizes the performance of the three self-
supervised pretraining strategies under the two pretrain-
ing settings. Compared with the corresponding single-task
frameworks, the proposed multitask model achieved im-
proved reconstruction performance and voxel-level brain age
prediction accuracy. This suggests that the two pretext tasks
provide complementary supervisory signals, motivating the
evaluation of whether the jointly learned representations
improve performance on downstream segmentation tasks.

3.2. Fine-tuning on Downstream Segmentation
Tasks
3.2.1. Multiple Sclerosis Lesion Segmentation

To determine the most effective transfer learning strat-
egy, multiple fine-tuning configurations were initially evalu-
ated for each pretrained model, together with a model trained
from scratch for comparison. Based on these experiments,
fine-tuning the entire network while reinitializing the seg-
mentation decoder consistently achieved the best perfor-
mance for the pretrained models and was therefore selected
for the final comparison. Table 3 summarizes the quantita-
tive Dice scores obtained using the best-performing fine-
tuning strategy, while Figure 3 illustrates the correspond-
ing performance variability across the different training set
sizes.

Among the evaluated pretraining strategies, the proposed
multitask framework generally achieved the highest Dice
scores, outperforming both image inpainting and voxel-
level brain age prediction across most training set sizes.
Compared with training from scratch, multitask pretraining
provided the largest improvements when only a very limited
number of annotated training samples were available (11
subjects) and continued to outperform training from scratch
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Table 2

Performance of the three self-supervised pretraining strategies under the two pretraining settings. Lower perceptual loss and voxel
MAE indicate better performance, whereas higher PSNR indicates better reconstruction quality.

Pretraining Strategy Perceptual Loss PSNR (dB) Voxel MAE (years)
Image Inpainting Multi-source T1w 0.0240 34.90 -
CNS (T1w+FLAIR) 0.0033 43.52 -
. Multi-source T1w - - 6.1+4.1
Voxel-Level Brain Age oo (11w FLAIR) - - 53+3.1
Multitask Multi-source T1w 0.0020 46.24 5.46 + 3.7
CNS (T1w+FLAIR) 0.0026 45.78 5.25 + 3.1

Table 3

Comparison of different fine-tuning strategies for MS lesion segmentation. For all pretrained models, the segmentation decoder
was reinitialized prior to fine-tuning. Each experiment was independently repeated five times, and the mean Dice score + standard
deviation is reported. The best result for each training set is highlighted in bold italic, while bold indicates results within a Dice

difference of 0.005 from the best-performing method.

Training Scratch Voxel-Level Brain Age Image Inpainting Multitask
Size End-to-End All Layers Decoder Only All Layers Decoder Only All Layers Decoder Only
11 0.662 + 0.016 0.631 + 0.013  0.593 + 0.006 0.654 + 0.022 0.623 + 0.008 0.671 + 0.016 0.654 + 0.014
22 0.699 + 0.015 | 0.692 + 0.012  0.685 + 0.017 0.696 + 0.019  0.661 + 0.009 0.695 + 0.025 0.699 + 0.010
30 0.751 + 0.013 | 0.715 + 0.015  0.722 + 0.010 0.727 + 0.012 0.700 + 0.009 0.737 + 0.006 0.706 + 0.002
42 0.757 + 0.017 | 0.733 £ 0.014 0.724 + 0.014 0.743 + 0.010 0.725 + 0.013 0.752 + 0.012 0.727 + 0.005
50 0.757 + 0.017 0.749 + 0.011  0.736 + 0.014 0.747 + 0.012 0.724 + 0.010 0.764 + 0.010  0.741 + 0.009
58 0.764 + 0.019 0.763 + 0.008  0.750 + 0.010 0.765 + 0.008 0.732 + 0.014 0.775 + 0.006 0.751 + 0.002

at the larger training set sizes (50 and 58 subjects). For
the 22- and 42-subject training sets, the two approaches
achieved comparable performance, whereas training from
scratch produced the highest Dice score for the 30-subject
training set. Although the available dataset does not allow
us to determine whether this trend would persist with sub-
stantially larger training sets, these findings suggest that
the proposed multitask pretraining is particularly beneficial
in low-data settings while remaining competitive as more
annotated training data become available. Qualitative results
for a representative test case in the 11-subject fine-tuning
setting are shown in Fig. 4. This motivated us to further
evaluate the proposed framework on ischemic stroke lesion
segmentation, which requires only T1w MR.

3.2.2. Ischemic Stroke Lesion Segmentation

Table 4 summarizes the performance of the evaluated
training strategies for ischemic stroke lesion segmentation
across different training-set sizes, reporting the mean Dice
score (+ standard deviation) over five independent runs for
each method.

As shown in Table 4, the pretrained models generally
outperform the model trained from scratch in data-scarce
scenarios. The proposed multitask pretraining framework
consistently achieves the highest segmentation performance
for training-set sizes up to 150 labeled cases. Although the
relative ranking of the two multitask fine-tuning strategies
varies slightly across individual training-set sizes, both con-
sistently outperform the individual pretraining strategies and
the randomly initialized baseline. Specifically, fine-tuning
all pretrained layers provides the highest performance for
the 10- and 20-case settings, whereas decoder reinitialization

followed by end-to-end fine-tuning yields the best perfor-
mance for the 50- and 100-case settings. At 150 labeled
cases, the two multitask strategies achieve comparable Dice
scores, indicating that no single fine-tuning strategy is uni-
formly optimal across the low-data regime.

The results in Table 4 also demonstrate that the benefit of
pretraining is most pronounced when labeled data are scarce.
The proposed multitask framework provides the largest per-
formance gains over training from scratch, reaching im-
provements of approximately 6—7 Dice percentage points
for the smallest training subsets. As the number of labeled
training cases increases, the performance gap between the
pretrained and randomly initialized models progressively
decreases, becoming minimal beyond approximately 200
training cases. This trend indicates that pretraining is partic-
ularly beneficial in the low-data regime, whereas its relative
advantage diminishes as more labeled data become available
for supervised training.

Another notable observation is the difference in perfor-
mance stability among the evaluated pretraining strategies.
Beyond approximately 200 labeled training cases, the image-
inpainting approach exhibits larger fluctuations in mean Dice
across consecutive training-set sizes, suggesting greater sen-
sitivity to the amount or composition of the labeled training
data. In contrast, both multitask variants show more sta-
ble performance as the training-set size increases. Among
them, fine-tuning all pretrained layers exhibits the most
consistent behavior across the evaluated training-set sizes,
whereas decoder reinitialization shows somewhat greater
variability while remaining more stable than the individual
pretraining approaches. To further examine performance at
the individual-case level, Fig. 5 shows the per-image Dice
scores for all 100 test cases from the fourth independent
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Figure 3: Comparison of the best-performing fine-tuning strategy for the MS lesion segmentation task, in which the entire network

was fine-tuned after reinitializing the segmentation decoder.

Table 4

Mean Dice score + standard deviation over five independent runs for ischemic stroke lesion segmentation across different training-

set sizes and training strategies.

Training Size Scratch Brain Age Inpainting Multitask—Decoder Reinitialized Multitask—FT All
10 0.216 + 0.033 0.203 + 0.010 0.206 + 0.028 0.276 + 0.027 0.286 + 0.011
20 0.229 + 0.010 0.249 + 0.010 0.231 + 0.024 0.283 + 0.030 0.300 + 0.030
50 0.332 + 0.025 0.351 + 0.016  0.329 + 0.023 0.399 + 0.016 0.391 + 0.009
100 0.459 + 0.017 0.459 + 0.009 0.464 + 0.016 0.480 + 0.014 0.470 + 0.012
150 0.483 + 0.009 0.485 + 0.009 0.488 + 0.015 0.481 + 0.024 0.492 + 0.011
200 0.506 + 0.010 0.506 + 0.008 0.507 + 0.022 0.525 + 0.008 0.502 + 0.031
250 0.526 + 0.004 0.517 +£ 0.019 0.502 + 0.017 0.522 + 0.008 0.536 + 0.001
300 0.530 + 0.013  0.533 + 0.013  0.525 + 0.013 0.520 + 0.009 0.534 + 0.006
350 0.539 + 0.010 0.546 + 0.005 0.524 + 0.017 0.536 + 0.011 0.533 + 0.005
400 0.537 £ 0.011  0.539 + 0.008 0.533 + 0.014 0.542 + 0.013 0.540 + 0.009

run using 50 labeled training cases. The figure highlights
the substantial inter-case variability in segmentation perfor-
mance while enabling direct comparison of the evaluated
strategies on the same test images. A qualitative comparison
for a representative test case from the same 50-case fine-
tuning setting is provided in Fig. 6. The same test image and
anatomical slices are shown across all evaluated strategies,
with the ground-truth lesion in green and the corresponding
predictions in violet, enabling direct visual comparison of
lesion localization and extent.

Overall, these findings indicate that combining voxel-
level brain age prediction and image inpainting within a
unified multitask pretraining framework yields representa-
tions that transfer more effectively to downstream ischemic
stroke lesion segmentation than either pretext task individ-
ually. The advantage of multitask pretraining is particu-
larly evident in the low-data regime, while the differences
among training strategies become progressively smaller as
the amount of labeled training data increases.
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Figure 4: MS lesion segmentation results for the same representative test image across the evaluated pretraining strategies with
11 images used for fine-tuning. Although both Tlw and FLAIR images were used as model inputs, the segmentation results are
overlaid on the FLAIR image for clearer visualization of the lesions. For all pretrained models, the decoder was reinitialized before
fine-tuning; all layers were subsequently fine-tuned except for the Multitask decoder-only setting, in which only the reinitialized
decoder was trained.

Table 5
Mean Dice score + standard deviation over five independent runs for cortical brain structure segmentation across different

training-set sizes and training strategies.

Training Size Scratch Brain Age Inpainting Multitask—FT All  Multitask—Decoder Reinitialized
10 0.186 + 0.023 0.063 + 0.010 0.221 + 0.024 0.248 + 0.033 0.251 + 0.049
25 0.493 + 0.063 0.313 + 0.047 0.545 + 0.080 0.633 + 0.044 0.611 + 0.033
45 0.726 + 0.035 0.723 + 0.019 0.762 + 0.005 0.732 + 0.041 0.674 + 0.060
65 0.741 + 0.016 0.737 £ 0.036 0.772 + 0.015 0.762 + 0.016 0.742 + 0.033

3.2.3. Cortical Brain Structure segmentation

Table 5 summarizes the cortical brain structure segmen-
tation performance across the four training-set sizes. The
proposed multitask pretraining framework outperformed
training from scratch across all evaluated training-set sizes,
with the largest improvements observed in the low-data
regime. At 10 training cases, Multitask-Decoder Reini-
tialized achieved the highest mean Dice score of 0.251 +
0.049, compared with 0.186 + 0.023 for training from
scratch. Multitask—FT All achieved a similar Dice score
of 0.248 + 0.033. At 25 training cases, Multitask—FT All
achieved the highest performance (0.633 + 0.044), fol-
lowed by Multitask—Decoder Reinitialized (0.611 + 0.033),
compared with 0.493 + 0.063 for training from scratch. A
representative qualitative example from the same 25-case
fine-tuning setting is shown in Fig. 7. The same test image

slices are displayed across the evaluated strategies, enabling
direct visual comparison of the predicted cortical regions.

As the number of labeled training cases increased, the
relative performance of the evaluated pretraining strategies
changed. At 45 and 65 training cases, image inpainting
achieved the highest mean Dice scores, reaching 0.762 +
0.005 and 0.772 + 0.015, respectively. At these training-
set sizes, Multitask—FT All remained competitive, achiev-
ing Dice scores of 0.732 + 0.041 and 0.762 + 0.016, re-
spectively, and continued to outperform the corresponding
models trained from scratch.

In contrast, voxel-level brain age prediction alone did
not provide a consistent advantage over random initialization
for cortical brain structure segmentation. The brain age pre-
trained model achieved lower mean Dice scores than training
from scratch at all four training-set sizes, with the difference
being particularly pronounced in the low-data settings. At
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Figure 5: Per-image Dice scores for the five training strategies on the ischemic stroke lesion segmentation task. Results are shown
for the fourth independent run using 50 labeled training cases. Each point represents one of the 100 test images, displayed in the
same order across all subplots to enable direct comparison between methods. Colors indicate the acquisition center of each test
image, and the dashed horizontal line denotes the mean Dice score. The evaluated strategies are training from scratch, image
inpainting pretraining, voxel-level brain age prediction pretraining, multitask pretraining with fine-tuning of all pretrained layers
(Multitask—FT All), and multitask pretraining with decoder reinitialization followed by end-to-end fine-tuning (Multitask—Decoder

Reinitialized).

10 training cases, brain age pretraining achieved a mean
Dice score of 0.063 + 0.010, compared with 0.186 + 0.023
for training from scratch. Similarly, at 25 cases, the corre-
sponding Dice scores were 0.313 +0.047 and 0.493 +0.063,
respectively. The difference became substantially smaller as
the training-set size increased, with brain age pretraining and
training from scratch achieving comparable performance at
45 and 65 cases. Overall, multitask pretraining achieved
the highest performance in the low-data settings, whereas
image inpainting performed best with the larger training
subsets, while voxel-level brain age pretraining alone did not
outperform training from scratch.

4. Discussion and Future Perspectives

In this study, we investigated voxel-level brain age pre-
diction as a domain-specific self-supervised pretext task
and compared it with image inpainting, a widely used non-
domain-specific self-supervised objective. Building upon
these complementary pretext tasks, we proposed a multi-
task self-supervised learning framework that jointly opti-
mizes both objectives to learn richer and more transferable
neuroimaging representations. Rather than optimizing the
learned representations for a single downstream application,
our objective was to develop a pretraining strategy capable
of generalizing across diverse neurological tasks, regardless
of their direct relationship to brain aging.
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Figure 6: Stroke lesion segmentation results for the same representative test image across the evaluated pretraining strategies with
50 images used for fine-tuning in a single run. The segmentation results are overlaid on the T1lw image, with the ground-truth

lesion shown in green and the predicted lesions shown in violet.

To evaluate this hypothesis, we considered three down-
stream segmentation tasks with distinct characteristics: cor-
tical brain structure segmentation, representing an anatomi-
cal task involving structures known to be affected by aging,
and MS and ischemic stroke lesion segmentation, repre-
senting two clinically relevant pathological tasks not di-
rectly related to the normal brain aging process. This ex-
perimental design enabled us to investigate whether rep-
resentations learned through voxel-level brain age predic-
tion preferentially benefit anatomically age-sensitive appli-
cations, whether the more generic image inpainting ob-
jective provides broader transferability, or whether jointly
optimizing both objectives produces complementary repre-
sentations that are particularly advantageous when labeled
downstream data are scarce.

Overall, the proposed multitask framework achieved the
strongest or among the strongest performance across the
evaluated downstream tasks, with its advantage being par-
ticularly evident in several low-data settings. These findings
suggest that combining domain-specific and non-domain-
specific self-supervision can provide more transferable rep-
resentations than relying exclusively on either objective.

Unlike the other downstream tasks, MS lesion segmen-
tation requires both Tlw and FLAIR MR images because
MS lesions are often difficult to identify on T1w images
alone and are more conspicuous on FLAIR. Consequently,
pretraining for this task was restricted to the CNS dataset,
which provides paired T1w and FLAIR images together with
chronological age information. Neither image inpainting nor

voxel-level brain age prediction alone consistently outper-
formed training from scratch, whereas their combination
within the proposed multitask framework generally yielded
the strongest performance.

One factor specific to the MS experiments is the limited
diversity of the available pretraining data. Because paired
Tlw and FLAIR images were required, pretraining was
restricted to the single-source CNS cohort. Although this en-
sured consistency between the pretraining and downstream
input modalities, the limited variation in imaging protocols,
scanners, and subject populations may have constrained the
transferability of the learned representations. A larger multi-
source normative dataset containing paired T1w and FLAIR
images together with chronological age information would
enable a more comprehensive evaluation of this hypothesis
and help distinguish limitations associated with the pretext
tasks themselves from those arising from the scale and
diversity of the available pretraining data.

Although multitask pretraining generally outperformed
training from scratch in the MS experiments, this trend was
not observed for the training subset containing 30 subjects,
where the randomly initialized model achieved the highest
Dice score. Given the relatively small size of the MS lesion
segmentation dataset, it remains unclear whether this result
reflects statistical variability associated with the sampled
training data or a genuine characteristic of the learning
process. This observation motivated the evaluation of the
proposed framework on an additional non-age-related patho-
logical task, ischemic stroke lesion segmentation.
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Figure 7: Cortical parcellation results for the same representative test image across the evaluated pretraining strategies with 25

images used for fine-tuning.

In contrast to the MS experiments, ischemic stroke le-
sion segmentation enabled all pretraining strategies to use
the larger multi-source T1w normative dataset. This sub-
stantially increased the diversity of the pretraining data by
incorporating scans from multiple publicly available cohorts
with differences in imaging protocols, scanners, and subject
populations. The stroke experiments therefore provided an
opportunity to evaluate the proposed framework under a
substantially broader pretraining setting.

The stroke lesion segmentation results demonstrated a
clearer advantage of self-supervised pretraining than that
observed for MS lesion segmentation. The benefit was most
pronounced when labeled downstream data were limited, al-
though its magnitude varied among the evaluated strategies.
The proposed multitask framework achieved the highest
segmentation performance for training-set sizes up to 150
labeled cases. Fine-tuning all pretrained layers yielded the
highest Dice scores with 10 and 20 training cases, whereas
decoder reinitialization followed by end-to-end fine-tuning
performed best with 50 and 100 cases. At 150 cases, the
two multitask fine-tuning strategies achieved comparable
performance. The largest gains over training from scratch
reached approximately 6—7 absolute Dice percentage points
in the smallest training subsets. As the number of labeled
cases increased, however, the performance difference be-
tween pretrained and randomly initialized models progres-
sively diminished. This pattern indicates that the value of
the learned initialization is greatest when downstream super-
vision is limited and becomes less pronounced as sufficient
task-specific annotations become available.

Differences in performance stability were also observed
among the individual pretraining strategies. Image inpaint-
ing exhibited greater variation as the number of labeled
training cases increased, suggesting greater sensitivity to
the composition of the downstream training set. Voxel-level
brain age prediction generally showed more stable behavior,
although it did not consistently outperform training from
scratch. The multitask framework, in comparison, combined
strong performance with relatively stable behavior across the
evaluated training-set sizes.

The per-image analysis further demonstrated that the
improvements obtained with multitask pretraining were ob-
served across images acquired from multiple centers rather
than being driven by a small subset of test cases. Higher Dice
scores were observed across a broad range of subjects and
acquisition centers, providing additional evidence that the
improvements were not restricted to a particular center or
imaging condition.

The cortical brain structure segmentation experiments
revealed a different pattern from the lesion segmentation
tasks. Multitask pretraining achieved the strongest perfor-
mance in the low-data settings of 10 and 25 training cases,
whereas image inpainting achieved the highest performance
with 45 and 65 labeled cases. Unexpectedly, voxel-level
brain age prediction alone did not outperform training from
scratch at any of the evaluated training-set sizes, despite
cortical anatomy being affected by the aging process.

One possible explanation is that, although cortical mor-
phology undergoes age-related changes, cortical parcellation
is not itself a directly age-prediction-related task. Cortical
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parcellation primarily requires the identification of anatomi-
cal boundaries and spatial relationships among neighboring
cortical regions, whereas voxel-level brain age prediction
encourages the network to identify features associated with
normative aging trajectories. Features that are informative
for estimating chronological age may therefore not neces-
sarily be those that are most discriminative for delineating
cortical regions.

The stronger performance of image inpainting with the
larger cortical training subsets may also reflect the nature
of the downstream task. Image inpainting requires recon-
struction of missing image regions from their surrounding
anatomical context, encouraging the model to learn local
structural information, spatial relationships, and anatomical
organization. Such representations may be particularly rel-
evant to cortical parcellation, where accurate segmentation
depends heavily on distinguishing neighboring anatomical
structures. As additional labeled downstream data became
available, these generic structural representations may have
provided a more suitable initialization for supervised cortical
parcellation than representations optimized specifically for
brain age prediction.

Nevertheless, the cortical experiments also provide an
important observation regarding the proposed multitask for-
mulation. Despite the limited performance of voxel-level
brain age prediction when used independently, combining it
with image inpainting substantially improved performance
in the smallest training subsets. At 10 and 25 training cases,
both multitask variants outperformed training from scratch
and the individual pretraining strategies. The utility of the
brain age objective should therefore not be assessed ex-
clusively from its performance as an isolated pretext task.
Within the joint optimization framework, age-related su-
pervision may complement the structural and contextual
information learned through image reconstruction, resulting
in a more informative representation when downstream su-
pervision is particularly limited.

Taken together, the three downstream experiments in-
dicate that the effectiveness of self-supervised pretraining
depends on the interaction among the pretext objective,
downstream task, amount of labeled downstream data, and
diversity of the pretraining cohort. No individual pretext task
was uniformly optimal across all experimental conditions. In
contrast, the proposed multitask framework demonstrated a
particular advantage in several low-data settings, supporting
the central motivation of combining domain-specific age-
related supervision with a generic reconstruction objective
to capture complementary aspects of brain MR images.

Several limitations should be considered when interpret-
ing these findings. First, identifying an appropriate publicly
available dataset with high-quality manual annotations for
a downstream task directly related to brain aging was chal-
lenging. Although cortical anatomy is affected by aging, cor-
tical parcellation primarily evaluates anatomical boundary
delineation and therefore represents only an indirect assess-
ment of the transferability of age-related representations.
Future work should evaluate the proposed framework on

downstream tasks more directly associated with aging and
age-related structural changes.

Second, the present evaluation was restricted to segmen-
tation tasks. Although the three selected applications pro-
vide substantially different segmentation settings, including
healthy anatomy and two pathological lesion segmentation
problems, they do not fully establish the generalizability of
the learned representations across other types of neuroimag-
ing applications. Future work should therefore extend the
evaluation to classification and prediction tasks, including
neurological disease classification, cognitive or clinical out-
come prediction, and other applications in which age-related
representations may provide complementary information.

Finally, the MS experiments were constrained by the
availability of multimodal normative pretraining data. Be-
cause MS lesion segmentation required paired T1w and
FLAIR images, pretraining was restricted to a single-source
cohort, whereas the T1w-only stroke and cortical exper-
iments benefited from a larger multi-source pretraining
dataset. Future work should investigate large-scale, multi-
center normative datasets containing paired T1w and FLAIR
images and chronological age information to determine
whether increasing pretraining diversity yields similar im-
provements for multimodal downstream tasks.

5. Conclusion

This study investigated voxel-level brain age prediction
as a domain-specific self-supervised pretext task and intro-
duced a multitask framework that combines it with image
inpainting to learn more transferable brain MR imaging rep-
resentations. Across three downstream segmentation tasks,
the proposed multitask approach demonstrated its greatest
benefit in low-data settings, highlighting the value of com-
bining complementary domain-specific and generic super-
visory signals when annotated data are limited. The find-
ings also indicate that the effectiveness of self-supervised
pretraining is influenced by the scale and diversity of the
pretraining data, with stronger transfer observed when a
larger multi-source pretraining cohort was available. Over-
all, these results support multitask self-supervised learn-
ing as a promising approach for improving representation
transfer in brain MR imaging, particularly in data scarce
scenarios.
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