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Abstract

Brain age estimation from magnetic resonance imaging (MRI) is a promising biomarker of cognitive
health, accelerated ageing, and neurodegenerative risk. However, its clinical translation remains
constrained by scanner heterogeneity, demographic imbalance, and challenges in jointly modelling
local and global brain structure. This review synthesizes 52 studies identified through a PRISMA-
informed process involving dual independent screening (Cohen’s x = 0.94 for title and abstract
screening and 0.90 for full-text screening). Convolutional neural networks (CNNs), generative
models, Transformers, and hybrid approaches are compared descriptively, and eleven recurring
findings are ranked by evidence strength. Hybrid local-global models report the lowest median
internal mean absolute error (MAE) of 2.70 years, compared with 3.17 years for CNN-based models.
However, MAEs increase by 0.4-1.7 years on external cohorts, while within-study improvements
associated with multimodal imaging (0.54 years), image harmonization (0.29 years), and covariate
integration (0.16 years) remain modest. Strong evidence supports the benefits of large-cohort training
for deep learning models and the importance of age-bias correction. Of six hypotheses examined,
two are partially supported, one is unsupported, and three remain untestable with the available
evidence. Building on these findings, an evidence-derived Harmonization-Aware Generative—
Transformer (HAGT) design framework is proposed. The framework integrates harmonization with
the age-prediction objective, fuses local and global features through gated cross-attention, constrains
age-related bias, and estimates predictive uncertainty. Its computational complexity is also analysed.
A gap-to-solution roadmap identifies priorities for clinical translation, including shared external
benchmarks, task-coupled harmonization, disease-relevant evaluation, calibrated uncertainty

estimates, and prospective validation.
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INTRODUCTION

Brain age has emerged as a critical biomarker of neurological health, offering a
quantitative means to assess deviations from normal ageing and to detect early signs of
cognitive impairment, psychiatric conditions and neurodegenerative illness. Studies over
the last decade have shown that brain-age prediction is a multifactorial problem: structural
MRI alterations such as cortical thinning, ventricular expansion and white-matter
degeneration contribute differentially to the age-related patterns visible in neuroimaging
data [1]. Convolutional neural networks (CNNs) and, more recently, Transformer-based
architectures have become popular because they capture multiscale information and

improve predictive accuracy relative to traditional machine-learning methods [2, 3].

Deep learning has been applied widely to large neuroimaging repositories, with
improvements in accuracy, generalization and biological interpretability. Early work
showed that 3D CNNs trained on raw or minimally processed T1-weighted images can
match or exceed kernel regression on grey-matter maps [4], and lightweight 3D CNNs later
reached a mean absolute error (MAE) of 2.14 years in the UK Biobank [5]. Multi-site deep
models trained on more than 14,000 scans further demonstrated that a single network can

be applied across studies, scanners and continents [6].

In parallel, harmonization and augmentation pipelines have become important as
access to multi-site MRI data has broadened. Statistical harmonization (ComBat) [7],
adversarial scanner unlearning [8, 9] and CycleGAN-based image translation [10] have
been used to stabilize performance under heterogeneous imaging conditions, and
harmonization of large multi-site datasets has been shown to remove site effects while
preserving age-related variation [11]. Together, these studies suggest that deep generative
priors can reduce scanner variability and keep models faithful across acquisition protocols

and demographic settings.

The literature on attention-based and Transformer architectures has also grown rapidly.
Vision Transformers model long-range dependencies through self-attention but generally
require large training sets because they lack the locality bias of convolutions [12], hybrid
designs that combine a convolutional local pathway with a global attention pathway were
introduced to brain-age estimation to address this trade-off [13]. The convergence of
structural CNN hierarchies, harmonization-aware generative modelling and long-range

attention motivates the hybrid methodological pathway synthesised in the present review.
Positioning of This Review Relative to Previous Reviews

Several reviews of brain-age estimation already exist. The study in [3] introduced
machine-learning methods and clinical applications. Authors in [14] systematically
reviewed deep-learning architectures for brain-age estimation, in [15] surveyed machine-
learning and deep-learning approaches across the lifespan, and the study in [16] focused
on Al-based brain-age estimation and its disease applications. These reviews catalogue
methods and report performance, but none of them (i) grades the strength of the evidence
behind each methodological claim, (ii) synthesises generative harmonization and
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Transformer-based prediction as a single design problem, or (iii) translates the evidence

into a formal, testable architecture framework with an analysis of its computational cost.

Table 1 summarises these differences.

Table 1. Positioning of the Present Review Relative to Previous Reviews of Brain-Age Estimation

Review Primary scope Inter-rater Evidence- Formal design
screening strength framework and
agreement grading complexity

analysis

[3] Introduction to ML No No No

methods for brain age
and their clinical
applications

[14] Systematic review of Not reported No No

deep-learning methods
for brain-age estimation

[15] ML and DL approaches ~ Not reported No No

to lifespan brain-age
prediction
[16] Al-based brain-age Not reported No No
estimation and
applications to related
diseases

This review CNN, generative Yes: Cohen’s k  Yes: four- Yes: HAGT
harmonization, (Table 4) level framework with
Transformer and hybrid grading of  notation and

generative-Transformer
models; hypothesis-

driven synthesis

11 findings
(Table 8)

complexity analysis
(Tables 11 and 12)

Based on the gaps identified in the literature, the following research hypotheses were

formulated to guide the synthesis, see Table 2. They are tested against the reviewed

evidence in the Discussion (Table 13).

e H1: Hybrid CNN-Transformer models reduce MAE by at least 20% compared with

pure CNN models on multi-site datasets.

e H2: DDPM-based augmentation reduces regression-to-the-mean bias by more than

15% compared with GAN-based augmentation by improving lifespan coverage at

the age extremes.

e HB3: Transformer models require at least 10,000 training scans to outperform CNNs

because of their data-hungry nature.

o H4: Diffusion-based harmonization improves cross-site generalization by at least 0.5

years of MAE compared with no harmonization.

e Hb5: Multi-modal integration improves MAE by at least 0.3 years over single-modal
T1-weighted MRIL
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o H6: In multi-site settings, federated learning retains at least 95% of the performance

of centralized learning.

Table 2. Gap-hypothesis Connection Matrix

Research gap Causal mechanism SOTA coverage Hypothesis Priority
Scanner-domain Site-specific intensity Partial (ComBat, H1, H4 Critical
shift distributions learned as age- ~ CycleGAN)
correlated features
Age-distribution Under-represented age Low H2 Critical
imbalance extremes cause regression to
the mean [17]
Local-global trade- Limited CNN receptive field; Emerging H1, H3 High
off data-hungry Transformers
Harmonization— Generative methods applied  Limited H4 Critical
prediction as preprocessing without task
decoupling supervision
Dataset-size Small cohorts insufficient for ~ Limited H3 High
constraints Transformer training
Modality restriction Most models use T1-weighted Limited H5 Medium
MRI only
Privacy and Centralized training infeasible Minimal Hé6 Medium
scalability across sites

Brain-age markers are not yet clinically validated diagnostic tools and should be used
with caution. Training data may be demographically imbalanced, which can skew
predictions for under-represented groups. Transparent reporting and explainable models

are essential for regulatory approval and clinical trust.

The aim of this review is to provide a critical, evidence-graded synthesis of recent deep-
learning studies on brain-age estimation and to show how their methodological
weaknesses have shaped three complementary lines of work: (i) CNN-based methods that
excel at structural encoding; (ii) generative and Transformer-based pipelines for
harmonization, augmentation and global-context learning; and (iii) hybrid fusion models

that combine local and global representations. The specific contributions are:
* An evidence synthesis of 52 studies with inter-rater screening agreement and an
explicit four-level grading of evidence strength;
¢ HAGT (Harmonization-Aware Generative-Transformer), a formal, evidence-

derived design framework in which every component is traced to the findings that

justify it, together with an analysis of its computational complexity;

¢ A hypothesis-driven comparison (H1-H6) that separates what the evidence supports

from what remains untested; and

* A gap-to-solution roadmap that states why the present state of the art remains
insufficient and which concrete breakthroughs are required.
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The remainder of the paper is organized as follows. The review methodology is
described first, followed by the core concepts of brain ageing, MRI-based biomarkers and
evaluation metrics. Classical and early deep-learning methods are then surveyed, and
CNN, Transformer and generative paradigms are reviewed. The comparative synthesis
and evidence grading follow, after which published hybrid generative-Transformer
architectures are critically synthesised and the HAGT framework is formalised. Open
challenges and future directions are then discussed, followed by the Discussion and

Conclusions.

REVIEW METHODOLOGY

This review follows a structured approach informed by the PRISMA 2020 statement
[17, 18], focusing on recent advances in MRI-based brain-age estimation with deep
learning, generative models, Transformer architectures, hybrid methods, harmonization,
generalization and reproducibility. The synthesis is organized around the brain-age
prediction pipeline: input, preprocessing, harmonization, feature encoding, age regression

and evaluation.

Study Identification and Selection

A structured literature search was conducted to identify studies addressing MRI-based
brain-age estimation with deep learning, generative models, Transformer architectures
and hybrid approaches. The records identified were subjected to a sequential selection
process comprising record identification, duplicate removal, title and abstract screening,

full-text eligibility assessment and final inclusion.

A total of 248 records were initially identified. After 36 duplicates were removed, 212
unique records were screened on title and abstract, and 126 were excluded because they
were outside the scope of MRI-based brain-age estimation or did not address the modelling
approaches considered in this review. The remaining 86 full-text articles were assessed for
eligibility, and 34 were excluded because they did not provide sufficient methodological
or performance information for comparative analysis or did not directly address the review
objectives. Finally, 52 studies were included and formed the evidence base for the
comparative, quantitative, hypothesis-based and gap-resolution analyses. The reference
list additionally contains background and methodological sources (e.g., reporting

guidelines and foundational architectures) that are not part of the 52 included studies.
Eligibility Criteria

Studies were included when they (i) focused on MRI-based brain-age estimation or
prediction, (ii) employed relevant machine-learning or deep-learning approaches such as
CNNs, Transformers, generative models or hybrid architectures, and (iii) reported
sufficient methodological and/or performance information to support comparative

analysis. Studies were excluded when they (i) were unrelated to MRI-based brain-age

estimation, (ii) did not address the modelling approaches relevant to the review, (iii) were
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duplicate records, or (iv) lacked sufficient methodological or performance information for
meaningful comparative assessment. The selection process is summarized in Table 3.

Table 3. Study Selection Process

Selection stage Records
Records identified 248
Duplicates removed 36
Records screened (title and abstract) 212
Records excluded after screening 126
Full-text articles assessed 86
Full-text articles excluded 34
Studies included in the review 52

Screening Procedure and Inter-Rater Agreement

Agreement beyond chance was quantified with Cohen’s kappa [19]:

__Po—Pe
= 1-pe (1)

where po is the observed proportion of records on which the two reviewers agreed and
pe is the proportion of agreement expected by chance, computed from each reviewer’s
marginal inclusion rate. Values of 0.61-0.80 indicate substantial and values above 0.80
almost perfect agreement [19]. As shown in Table 4, the reviewers disagreed on 6 of 212
records at title/abstract screening (ic = 0.94, 95% CI 0.90-0.99) and on 4 of 86 full-text articles
(k=0.90, 95% CI 0.81-1.00), indicating almost perfect agreement at both stages.

Table 4. Inter-Rater Agreement During Study Selection

Screening stage =~ Records Agreements Disagreements Cohen’sx (95% CI) Interpretation

Title and abstract 212 206 6 0.94 (0.90-0.99) Almost perfect
Full text 86 82 4 0.90 (0.81-1.00) Almost perfect

Data Extraction

For each included study, the architecture, dataset, sample size, age range,
preprocessing, harmonization strategy, training approach, validation design, evaluation
metrics, reported performance, strengths, limitations and reproducibility information were
extracted into a structured form. Performance values were transcribed exactly as reported
by the original authors; values that could not be located in the source article were recorded
as “not reported” rather than estimated.

Comparative Synthesis

The included studies were grouped into classical machine-learning, CNN-based,
generative/harmonization, Transformer-based and hybrid architectures. The main
comparison metric was the mean absolute error (MAE), supplemented, where reported, by
the coefficient of determination (R?), Pearson correlation, brain-age gap and calibration

bias. Because datasets, age ranges, preprocessing and validation designs differ widely
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across studies, no meta-analysis or inferential pooling was performed. Results are
summarized descriptively (median and range of reported MAE per paradigm), and no
statement in this review should be read as a statistical significance claim unless it is

attributed to an original study that performed the test.

Evidence-Strength Grading and Hypothesis Assessment

Each recurring claim in the literature was graded on a four-level scale. Strong: at least
three independent studies with a consistent direction of effect, including at least one with
external or multi-site validation. Moderate: at least two studies with a consistent direction,
mainly internal validation. Limited: a single study, or several studies with inconsistent
results or non-comparable designs. Insufficient: no study directly tested the claim.
Hypotheses H1-H6 were then classified as Supported (strong or moderate evidence
meeting the stated threshold), Partially Supported (evidence in the hypothesised direction
but the threshold not demonstrated), Not Supported (evidence contradicting the
hypothesis) or Insufficient Evidence. Each research gap was traced through the chain:
research gap —SOTA solution —evidence of progress —remaining gap —future direction.
This moves the review from description to an evidence-based assessment of what remains

unresolved.

BASIC PRELIMINARIES OF BRAIN AGE PREDICTION

Brain-age prediction is increasingly used as a quantitative biomarker to measure
deviations from normative ageing, to identify early cognitive impairment and to assess
neurological vulnerability across the lifespan. MRI-based age estimators assume that brain
ageing is multidimensional and nonlinear, as reflected in cortical thinning, white-matter
atrophy, ventricular enlargement and regional atrophy [1, 20]. Reliable models therefore
require an understanding of MRI acquisition protocols, preprocessing workflows,
anatomical templates and population variability, all of which affect accuracy,

generalization and interpretation [21].

The effectiveness and stability of brain-age systems are assessed with interdependent
measures MAE, root mean squared error (RMSE), Pearson correlation, R? brain-age gap,
calibration bias and lifespan coverage — evaluated across different demographic
distributions, scanners and pathological conditions [2]. Together, these measures
determine whether a model captures biological ageing rather than incidental scanner or
cohort effects [17].

MRI Modalities, Anatomical Features and Ageing Biomarkers

MRI-based brain-age frameworks rely on one or more structural and functional
modalities that depict different biological substrates of ageing. Tl-weighted MRI
characterizes grey-matter morphology, cortical thickness and subcortical volumes in
detail; T2-weighted MRI provides additional contrast for deep brain nuclei; diffusion
tensor imaging (DTI) quantifies white-matter microstructural degradation; and resting-
state fMRI captures age-related loss of functional connectivity [22]. Skull stripping, bias-
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field correction, spatial normalization, tissue segmentation and smoothing are important
preprocessing steps because they control noise and help ensure that the extracted ageing
signatures reflect genuine neurobiological change [23].

Ageing biomarkers are usually derived from voxel-wise intensities, cortical surface
maps, tissue probability volumes, volumetric shape measures and connectivity matrices.
These representations map age-sensitive structures such as the hippocampus, frontal
cortex, cerebellum, basal ganglia and corpus callosum, which show systematic and disease-
specific ageing patterns across cohorts [20]. Because of heterogeneity in scanners,
acquisition parameters and study populations, brain-age prediction is a high-dimensional,

multi-objective learning problem [24].

Notation

Table 5 defines the symbols used in the equations of this review (equations 1 until 16).

Table 5. Notation Used in the Equations

Symbol Definition Symbol Definition

N Number of subjects in an K, Po, Pe Cohen’s kappa; observed and
evaluation set chance agreement (Eq. 1)

yi i Chronological and predicted y Mean chronological age
age of subject i

Ai, A Brain-age gap before and a B Slope and intercept of the
after bias correction age-bias regression

X, X Input MRI volume; s, S Acquisition site index;
harmonized volume number of sites

Go Generative harmonizer with Dy Site discriminator with
parameters ¢ parameters |

Fi, Fg, F Local (CNN), global T Number of tokens (patches)
(Transformer) and fused
token features

QK V Query, key and value d, dx Embedding and key
matrices dimensions

Wo, Wk, Wy, Wy Learned projection and gate g, o(*) Fusion gate; logistic sigmoid
matrices

Wi, O Predicted mean age and Al A4 Loss weights
predictive variance

Rse, Ly, Lite, Bias, Age, cycle-consistency, site- (") Pearson correlation

Rux adversarial, bias and
auxiliary losses

V,k C Voxels per feature map, p, L M, 1 Patch size, Transformer

kernel size, channels

layers, window size,

diffusion steps
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Key Performance Metrics and Evaluation Parameters

Effective brain-age modelling requires measures of predictive accuracy, robustness,

generalization and biological consistency. For a set of N subjects with chronological age i

and predicted age #::
MAE = =Y [9; - il 2)
1 -
RMSE = ;Zi\il(yi —yi)? 3)
~\2
R2 = 1 — 2i0i=3) 4
21’(3’1“7)2 )
Aizyi_yi' AlCZAl_(ayl-l_:B) (5)

Mean absolute error (MAE, Eq. 2): the most widely used metric; lower values
indicate more precise age regression, but MAE depends on the age range of the test
cohort [25].

Root mean squared error (RMSE, Eq. 3): penalizes large errors more heavily and
therefore reflects outliers and stability across age ranges.

Pearson correlation (r) and R? (Eq. 4): linear agreement between predicted and
chronological age, and the proportion of age variance explained [21].

Brain-age gap (A, Eq. 5): the difference between predicted and chronological age,
used to infer accelerated or delayed ageing [21].

Bias and calibration indices: regression to the mean makes A correlate negatively
with age; the linear correction in Eq. 5, with a and (3 estimated on training or
validation data, is required before A is interpreted [2, 17].

Cross-site generalization metrics: the change in MAE between internal and external

test sets, which measures robustness to scanner and demographic variation [9].

Preprocessing Challenges and Harmonization Requirements

Preprocessing and harmonization are two key challenges for MRI-based brain-age

estimation, because MRI scanners, coils, acquisition protocols and spatial resolutions differ

across imaging sites. If this heterogeneity is not taken into account, it can introduce

systematic biases into age predictions [11]. Key challenges include:

Scanner-driven intensity differences that distort voxel distributions;

Head-motion artefacts, particularly in elderly or clinical populations;

Spatial misalignment caused by registration inaccuracies;

Age-dependent confounds, where age-related cortical thinning can mimic disease
effects;

Population imbalance, where models overfit to the dominant age ranges; and

The lack of unified harmonization standards across large multi-site datasets.

Harmonization strategies such as ComBat [7], adversarial scanner unlearning [8, 9] and

generative image translation [10] mitigate these discrepancies and remain essential for

clinically reliable brain-age estimates.
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Conceptual Framework for the Brain-Age Estimation Pipeline

The literature is synthesized according to a six-stage pipeline:

Stage 1 — Input data: MRI modalities (T1-weighted, T2-weighted, DTI and fMRI) and
dataset parameters (sample size, age range, demographic composition and number
of imaging sites).

Stage 2 — Preprocessing: skull stripping, bias-field correction, spatial normalization,
tissue segmentation and smoothing; the choice of toolbox (FreeSurfer, FSL or ANTSs)
introduces systematic variation.

Stage 3 — Harmonization: optional but increasingly important for multi-site data;
statistical (ComBat), generative (CycleGAN) or diffusion-based approaches are used
to correct scanner bias.

Stage 4 — Feature encoding: traditional methods use hand-crafted morphometric
features, whereas deep-learning methods learn hierarchical features from voxel
intensities with CNNs, Transformers or hybrid models.

Stage 5 — Age regression: support vector regression, Gaussian processes, CNN or
Transformer regressors and ensembles map encoded features to age, evaluated with
MAE, RMSE, R? and the brain-age gap.

Stage 6 — Evaluation and deployment: cross-validation, external validation and
cross-site testing, together with inference time, memory, interpretability and

regulatory requirements.

Table 6. Conceptual Framework Across Paradigms

Stage Classical ML CNN-based Transformer- Hybrid
based
Input Morphometric ~ Raw 3D MRI Patch Raw or harmonized
features volumes embeddings volumes
Preprocessing FreeSurfer/FSL ~ Minimal Patch extraction Harmonized
preprocessing preprocessing
Harmonizatio Optional Limited Limited Integrated
n (ComBat) (CycleGAN/diffusion)
Feature Hand-crafted Hierarchical CNN  Self-attention CNN + Transformer
encoding (+ GNN)
Regression SVR/GPR 3D CNN regressor  ViT regressor Multi-stream fusion
Evaluation MAE, R2 MAE, RMSE, cross- MAE, attention = MAE, external
validation maps validation,
uncertainty

CLASSICAL AND EARLY DEEP LEARNING APPROACHES TO
BRAIN AGE PREDICTION

Early brain-age prediction models fall into three broad families: (i) feature-based

machine-learning models built on morphometric descriptors; (ii) patch- or slice-based
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CNNs that operate on local brain regions; and (iii) ensemble and hybrid designs that
combine multiple learners or modalities [15]. These approaches prefigure the more
sophisticated Transformer and fusion models discussed later and continue to serve as

baselines and design patterns [26].
Feature-Based Machine-Learning Models

Morphometric Features and Regression Models

In the feature-based paradigm, regional morphometric features — cortical thickness,
surface area, subcortical volumes and global tissue measures — are first computed from
structural MRI with FreeSurfer or CAT12. These features are the inputs to classical
regressors such as support vector regression (SVR), relevance vector regression (RVR),
Gaussian process regression (GPR) or regularized linear models [15, 27]. Recent reviews
indicate that such pipelines remain competitive when trained on large multi-site cohorts
and corrected for site and demographic biases [16]. For example, Authors in [26] compared
27 machine-learning regressors trained on morphometric data from three datasets (HCP,
Cam-CAN and IXI) and found that regularized linear models performed as well as
nonlinear and ensemble models at lower computational cost; the best MAEs ranged from
2.75-3.12 years in the narrow-age HCP cohort to 7.08-10.50 years in the lifespan Cam-CAN

cohort, again showing how strongly error depends on the age range of the sample.

Feature-based models are popular in clinical research because they provide anatomical
attribution: deviations in predicted age can be traced to specific cortical or subcortical
regions and related to disease processes such as Alzheimer’s disease or vascular pathology
[16]. When large datasets are available, deep models trained on raw or minimally

processed images are usually preferred, although the accuracy gap can be small [28].

Comparisons with Deep Pipelines and Explainability

A recent trend is the head-to-head comparison of morphometric pipelines and deep-
learning models. The study in [28] compared a FreeSurfer-based morphometric pipeline
(with dense neural networks) against 3D CNNs trained on raw T1-weighted images in a
multi-site setting. On 3,984 OpenBHB scans from 62 sites, the two pipelines performed
similarly on independent test data (MAE 3.21 years for the morphometric network and 3.08
years for a DenseNet-121), and SHAP explanations of the morphometric model were more
reliable than Grad-CAM and DeepSHAP explanations of the CNNss.

Surveys [15, 16] conclude that feature-based models remain useful in three cases: (i)
small-data regimes, where hand-crafted morphometry is more stable to learn from; (ii)
settings that require high interpretability, where clinicians need regional attribution; and
(iii) multimodal integration, where morphometry is combined with genetic, clinical or

omics features in tabular models.
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Patch- and Slice-Based Convolutional Neural Networks

Patch-Based CNNs and Regional Modelling

To model local ageing (e.g., hippocampal atrophy or frontal thinning) and reduce
memory demands, several studies divide the brain into overlapping or non-overlapping
patches instead of feeding the whole 3D volume to the network, and apply a CNN to each
patch with shared weights. Authors in [13] combined a global pathway over the whole
image with local patch pathways and fused them with attention, showing that local patches
contribute complementary fine-grained information to the global context. Patch-based
techniques also simplify training on small GPUs and can tolerate domain changes by
emphasizing robust local patterns rather than global intensity distributions. Because every
patch maps back to an anatomical region, spatially constrained models also produce more
interpretable saliency maps. This concept is closely related to Transformer tokenization, in

which patches become the tokens of self-attention in hybrid fusion models.

Slice-Level CNNs and Computational Efficiency

An alternative decomposition uses 2D axial, sagittal or coronal slices as inputs. Ballester
et al. [29] trained slice-level CNNs on 2,639 healthy participants from 17 centres and
aggregated slice predictions into a subject-level estimate, obtaining an MAE of 4.44 years
on the test set; the sagittal view gave the lowest single-orientation error (4.45 years), and
peripheral slices produced higher errors than central slices. Slice-based modelling
substantially reduces memory usage and allows deeper, more regularized 2D architectures
and data augmentation, and it can reuse architectures and training regimes from natural-
image tasks [15]. However, it may lose 3D context, especially for small or obliquely
oriented structures; recent work alleviates this by stacking neighbouring slices or by
combining axial, sagittal and coronal models [29, 30]. Patch- and slice-based CNNs
illustrate a design trend that later Transformer models extended: dividing the 3D volume
into smaller units (patches, slices or tokens) and learning how to aggregate local evidence

into a global brain-age prediction.

Ensemble and Hybrid Deep-Learning Architectures

Deep Ensembles and Stacking

As datasets and architectures have diversified, ensembles have proven effective for
improving performance and robustness. Instead of a single CNN, ensemble models
average or stack the predictions of several base learners, usually with different
architectures or input views. Authors in [31] trained 3D CNNs on minimally preprocessed
T1-weighted images from 17,296 scans in six cohorts and compared hold-out and cross-
validation training variants, obtaining test MAEs of 2.67-3.08 years. Authors in [32]
introduced a cross-stratified ensemble in which three 3D CNNs (3D-DenseNet, 3D-
ResNeXt and 3D-Inception-v4) serve as base learners and a second-stage linear meta-
learner combines them; the ensemble achieved an MAE of 2.94 years and R? of 0.96,
outperforming its base models. The study in [33] combined a 3D CNN on minimally
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preprocessed T1-weighted images with a multilayer perceptron (MLP) that receives sex
information; in 3,004 healthy adults, the combined model reduced internal-validation MAE
from 3.34 years (CNN only) to 3.18 years, illustrating the value of integrating non-imaging

covariates.

Lightweight and Clinically Oriented Ensembles

Beyond accuracy, recent studies have pursued computationally efficient models
suitable for clinical use. Authors in [34] proposed a lighter variant of SFCN with only 1.2
million parameters; on 2,251 healthy subjects aged 6-90 years from multiple sites it
achieved an MAE of 3.56 years, and cropping the brain halved training time at the cost of
a higher error (4.14 years). Such architectures often contain multiple internal feature-
extraction paths or multi-scale modules and are sometimes described as ensembles,

although not in the conventional sense.

Three trends emerge. The first is learner diversity: DenseNet, ResNeXt, Inception and
CNN-MLP hybrids are combined to reduce variance and improve generalization to
heterogeneous MRI data [31, 32]. The second is multimodal integration, in which structural
MRI is combined with demographic, clinical or genetic information to capture inter-
individual variation that imaging alone cannot explain [15, 16, 33]. The third is a renewed
focus on balancing accuracy and efficiency, so that models remain accurate yet fast enough

for large cohort studies and clinical practice [5, 34].

DEEP-LEARNING PARADIGMS FOR BRAIN AGE ESTIMATION

Deep learning has transformed brain-age estimation by learning age-sensitive
anatomical patterns directly from MRI without hand-crafted features. Its evolution
comprises three paradigms CNN-based local feature extraction, Transformer-based global
context modelling and generative modelling for harmonization that are increasingly
combined in hybrid architectures [35-39]. Figure 1 traces this evolution using milestones

whose reported performance was verified against the original publications.

CNNs use hierarchical convolution and pooling to learn local morphological features
directly from voxel intensities. Their inductive biases (translation equivariance and local
receptive fields) efficiently encode local ageing effects such as cortical thinning and
ventricular enlargement, but their limited receptive field restricts the modelling of

distributed cortical-subcortical dependencies.

Generative models such as GANs and diffusion models address data scarcity and
scanner variability through harmonization and augmentation. CycleGAN supports
unpaired cross-site translation, and diffusion models generate high-fidelity synthetic
volumes. These methods reduce scanner-induced bias but usually remain decoupled from
the prediction task, which risks introducing artefacts when harmonization is not task-
optimized [40].

Transformers are designed to model global dependencies and capture long-range
anatomical interactions that may not be adequately represented by conventional CNN
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architectures. Vision Transformers process MRI volumes as sequences of patches, enabling
contextual feature modelling across the entire brain. However, their effective training
generally requires substantial amounts of data [12]. The minimum sample size required
for reliable brain-age estimation using Transformer-based architectures remains
undetermined and is examined in the Discussion in relation to hypothesis H3 (Table 13).

Hybrid architectures use CNNs for local features, Transformers or graph neural
networks (GNNs) for global or topological modelling and, increasingly, generative or
adversarial modules for harmonization. Published hybrids report internal MAEs of 2.30-
3.34 years (Table 9), and self-supervised pre-training and bias-constrained optimization

have been used to improve their generalization [37].

" " Generative Transformer
Classical ML CNN family / harmonization / hybrid
Kernel-based BrainAGE
2010 . (RVR on GM maps)
3D CNN on GM/raw Tlw
2017 ® MAE 4.16 y, n=2,001
3D ResNet
2019 ® A 339 v
DeepBrainNet
2020 ® 14,468 scans, multi-site
SFCN (lightweight) Adversarial scanner
2021 . UKB MAE 2.14 y . unlearning
-y Latent diffusion, Global-Local Transformer
2022 . age-conditioned synthesis . MAE 2.70y
CNN + MLP (sex)
2023 ® Ak 318 y
. Cross-stratified IGUANe CycleGAN:
2024 . ensemble, MAE 2.94 y . MAE 4.92-4.63 y
PSET-DABC 2.34 y;
2025 @ NeuroAgeFusionNet 2.30 y;
BrainRotViT 3.34 y
CNN-BIiLSTM (2D slices) xt: task
2026 MAE 3.16 y Q harmoniz

Figure 1. Evolution of Brain-Age Estimation Architectures, 2010-2026, by Methodological Lane
(Classical ML, CNN Family, Generative/harmonization, Transformer/hybrid). Reported MAEs
Come from Each Study’s Own Test Data [4-6, 9, 10, 13, 27, 30, 32, 33, 35-39].

2D and 3D CNN Methods

The first deep-learning brain-age predictors relied on 2D and 3D CNNss trained on MRI
slices, patches or whole volumes. Their inductive biases, including local connectivity,

translation equivariance, and hierarchical feature extraction, enabled effective age
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regression from structural T1-weighted MRL In [4], a 3D CNN trained on grey-matter
maps from 2,001 healthy adults achieved an MAE of 4.16 years (r = 0.96), demonstrating
predictive performance comparable to Gaussian process regression. The study also
established the reliability and heritability of brain-predicted age. Subsequent research
further demonstrated the prognostic value of brain-predicted age by showing its
association with mortality [41]. Authors in [35] trained a 3D residual CNN on 1,264
Icelanders and reported a test MAE of 3.39 years (R? = 0.87), and the study in [6] trained
DeepBrainNet on 11,729 scans from a highly diverse multi-site cohort and showed that a

single network generalizes across studies, scanners and continents.

Subsequent architectures (ResNet-3D, VGG-3D and lightweight DenseNet-3D variants)
improved performance through deeper feature hierarchies and skip connections but
remained limited by local receptive fields. Peng et al. [5] showed that a lightweight Simple
Fully Convolutional Network (SFCN) trained on 12,949 UK Biobank subjects achieved an
MAE of 2.14 years, demonstrating that careful design and large homogeneous data can
matter more than model size. Classical support vector or relevance vector regression on
hand-processed features [27] gave higher errors and could not track the more complex
nonlinear volumetric trends; residual and DenseNet-style CNNs then prevailed, although
their reliance on local feature extraction limited their modelling of long-range

dependencies between brain regions [35].

More recent work has targeted cross-site generalization. Authors in [9] used adversarial
“unlearning” to remove scanner information from the learned features while preserving
the age-prediction task, improving harmonization across multi-site data. de Lange et al.
[25] showed that MAE, r and R? depend strongly on the age range and distribution of the
test sample, so that errors reported on different cohorts are not directly comparable a key

reason why domain shift is difficult to quantify across studies.

Attention and Transformer-Based Approaches

Transformer architectures and attention mechanisms brought a paradigm shift by
modelling global context. Unlike CNNs, multi-head self-attention captures dependencies
between distant anatomical regions, which suits the spatially distributed effects of ageing.
After the Vision Transformer (ViT) was introduced for natural images [12], 3D patch
embeddings were adopted for MRI. Authors in [13] proposed a Global-Local Transformer
that fuses a global whole-brain pathway with local patch pathways through attention; on
8,379 healthy scans from eight public datasets, it reached an MAE of 2.70 years and r =
0.985. Hierarchical designs such as the Swin Transformer improve efficiency by restricting
attention to shifted local windows while preserving global modelling through stacked
stages [42]. In structural MRI, Swin-based architectures such as Swin UNETR have proven

feasible for volumetric brain imaging [43], which supports their use as brain-age encoders.

The study in [44] showed that a 3D ViT-based U-Net captures global contextual features
of volumetric brain MRI for tumour segmentation, illustrating the value of volumetric
attention. For brain age, the study in [30] proposed a hybrid of time-distributed 2D
convolutions and bidirectional LSTMs that treats slices as a sequence, achieving an MAE
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of 3.16 years (R? = 0.86) on 3,951 subjects from the OpenBHB collection. However, ViTs are
less data-efficient than CNNs [12], and on heterogeneous multi-site data without

harmonization they risk learning scanner-related rather than biological features.

Generative Models for Harmonization and Data Augmentation

Generative models have been proposed to address scanner variability, data scarcity and
age-distribution imbalance, all of which limit brain-age generalization. CycleGAN has
become a core method for cross-site MRI harmonization because it translates images
between scanners without paired data. The study in [10] proposed IGUANe, a 3D
CycleGAN generalized to many centres; when used as a preprocessing step, it reduced
brain-age MAE from 4.92 to 4.63 years in a downstream evaluation. At the same time,
distribution-matching losses of this kind can hallucinate or remove features when source
and target distributions differ [40], which is a concern when site-specific intensity

differences overlap with age-related changes.

More recently, diffusion probabilistic models have become the state of the art for MRI
generation. Compared with GANSs, diffusion models produce high-fidelity images with
fewer mode-collapse problems and more stable optimization [45]. Authors in [36] trained
a latent diffusion model on 31,740 UK Biobank T1-weighted images conditioned on age,
sex, ventricular volume and brain volume, generating anatomically realistic synthetic
brains across the adult lifespan; its benefit for downstream brain-age models, however,
was not tested. The study in [46] cautioned that diffusion models memorize training
images more often than GANSs, particularly for small datasets, which matters when

synthetic data are shared.

Multi-site acquisition introduces a further domain shift. Differences in manufacturer,
field strength and protocol cause substantial variation in intensity and contrast, which
degrades generalization. Classical harmonization such as ComBat applies linear location-
and-scale corrections to derived features but cannot correct nonlinear, image-level scanner
distortions [7]. Deep harmonization offers alternatives: The study in [47] trained a
supervised network on paired multi-protocol scans to produce consistent volume
segmentation, and in [48] learned disentangled anatomy and contrast representations to
harmonize scans without inter-site paired data. The main weakness is that such models are
usually applied as a separate preprocessing step, independent of the prediction task, so the
harmonization is not optimized to preserve the subtle anatomical features that matter most

for age regression.

Generative models have also been used to augment scarce data. Conventional
augmentation (rotations and flips) adds little anatomical diversity, whereas denoising
diffusion probabilistic models (DDPMs) have become a standard for high-fidelity medical
image generation. Authors in [49] applied DDPMs to 3D medical image generation across
brain MRI, chest CT, breast MRI and knee MRI, and in a radiologist reader study most
synthetic images were rated as realistic. Such models could enrich under-represented age

groups, but age-conditioned augmentation specifically designed and validated for brain-
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age datasets remains an under-studied area. A different use of diffusion is diffusion-based
regression: The study in [50] proposed AgeDiffuse, trained on 32,851 T1-weighted scans of
people aged 3-30 years from 16 datasets, with external MAEs of 2.78 and 1.97 years.

Quantum-Inspired Models

Current state-of-the-art models still struggle with the triad of data heterogeneity,
demographic imbalance and architectural limitations, and quantum machine learning has
been suggested as a long-term direction. Quantum denoising diffusion models have been
demonstrated on small benchmark image datasets [51], but no quantum or quantum-
inspired model has yet been applied to MRI-based brain-age estimation. This direction is
therefore speculative, and we treat it as a long-horizon research question rather than as

evidence.

COMPARATIVE SYNTHESIS OF STATE-OF-THE-ART STUDIES

Table 7 summarizes representative studies from each family. Every value in the table
was checked against the original publication; where a quantity is not reported in the
source, the cell is marked “-”. The table highlights the contribution of each family to

accuracy, robustness and cross-site reliability.

Table 7. Representative Brain-Age Estimation Studies (Values as Reported by the Original Authors)

Study Method Data (n) Reported r/R?  Strength Limitation
MAE (years)

[4] 3D CNN on Healthy adults 4.16 (GM) r=0.96 Reliable, No harmonization;
GM /raw Tlw (2,001) heritable higher error than

biomarker later models

[35] 3D residual Icelandic 3.39 R2= Genetic Single-population
CNN cohort (1,264) 0.87 associations training cohort

identified

[6] DeepBrainNet Multi-site, - - Large, diverse  Tightly fitted
(deep CNN) worldwide multi-site models less

(11,729 training sensitive to disease
training)

[5] Lightweight UK Biobank 2.14 - Few Single-cohort
SFCN (14,503) parameters; internal test

won PAC 2019

[29] Slice-level 2D 17 centres 4.44 R2= Slice-level Loses 3D context

CNN (2,639) 0.86 interpretability
(val.)

[9] Adversarial Multi-site - - Scanner- Requires site labels
scanner invariant during training
unlearning features

[13] Global-Local 8 public 2.70 r= Local-global No explicit
Transformer datasets 0.985 attention fusion harmonization

(8,379)
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Study Method Data (n) Reported r/R*  Strength Limitation
MAE (years)

[25] Metric Multiple - - Shows metrics  No new predictive
evaluation cohorts depend onage model
study range

[36] Age- UK Biobank - - Realistic Not tested on
conditioned (31,740) lifespan downstream brain
latent synthesis age
diffusion

[49] 3D DDPM ADNI brain - - Radiologist- Not age-
synthesis MRI (998) +3 rated realism conditioned

non-brain sets

[33] 3D CNN + Healthy adults 3.18 - Imaging + Requires
MLP (sex) (3,004) covariate demographic input

fusion; external
Cam-CAN test

[31] 3D CNN, 6 cohorts 2.67-3.08 - One Local receptive
minimal (17,296 scans) preprocessing  field
preprocessing step

[32] Cross- Multiple 2.94 R2= Architecture High inference cost
stratified CNN cohorts 0.96 diversity
ensemble

[10] IGUANe 3D Multicentre 492 - 463 - Generalizable =~ Decoupled from
CycleGAN (downstrea harmonization  regression
harmonization m)

[50] AgeDiffuse 16 datasets, 2.78/1.97 - Paedjiatric Not comparable
(diffusion age 3-30 (external) longitudinal with adult cohorts
regression) (32,851 scans) tracking

[52] 3D CNN + 6 cohorts 3.30 (ADNI - Brain age, MAE 7.07 on
Transformer (>7,000) CN) cognitionand  paediatric CANDI
fusion with amyloid
demographics

[37] PSET-DABC 18 datasets, 2.34 (int.); - Dataset- Complex; external
(3D Inception  age 5-97 3.86 (ext.) adaptive, bias-  drop
+ PSE (15,437) constrained
Transformer)

[39] BrainRotViT 11 datasets, 3.34 (int.); r= Attention-based Preprint; multiple
(ViT + residual  >130 sites 3.77-5.04 0.98; R? interpretability —views needed
CNN) (ext.) =0.95

[53] TractGraphFor Children - - Fibre-tract Diffusion MRI only
mer (graph (9,345); young interpretability
CNN + adults (1,065)

Transformer)
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Study Method Data (n) Reported r/R*  Strength Limitation
MAE (years)

[38] NeuroAgeFusi UK Biobank 2.30 r= Uncertainty Limited
onNet (CNN + 0.97; R? quantification  independent
Transformer + =0.96 replication
GNN)

[30] Time- OpenBHB 3.16 R2= Slice-sequence 2D slices only
distributed (3,951) 0.86 modelling
CNN +
BiLSTM

CN = cognitively normal; GM = grey matter; int./ext. = internal/external test set; val. = validation set; — = not reported in

the source or not applicable. MAEs are not directly comparable across rows because cohorts, age ranges and validation designs

differ [25].

Descriptive Synthesis of Reported Performance

Because the included studies differ in cohort, age range, preprocessing and validation
design, the results were synthesized descriptively rather than pooled. Using the primary
configuration reported in each study of Table 7, the eight CNN-family models that report
an MAE (including CNN ensembles and the CNN-BiLSTM hybrid) have a median MAE
of 3.17 years (range 2.14-4.44), whereas the five models that combine convolutional and
attention-based pathways report a median of 2.70 years (range 2.30-3.34). This 0.47-year
(about 15%) difference in medians is consistent with the advantage of local-global fusion,
but it is confounded by publication year, dataset and sample size. The only head-to-head
comparison on identical data in the reviewed set found that the Global-Local Transformer
reduced MAE to 2.70 years from 2.97-3.25 years for CNN baselines (DeepBrainNet, SFCN
and ResNet18), i.e. by 9-17% [13]. The descriptive difference should therefore be read as a

consistent but modest trend, not as a significant effect.

Four within-study contrasts are more informative because they hold the data constant.
(i) Adding sex information to a 3D CNN through an MLP branch reduced MAE from 3.34
to 3.18 years (0.16 years) [33]. (ii) Adding multimodal imaging features to structural
features reduced MAE from 4.83 to 4.29 years (0.54 years) [54]. (iii) Harmonizing images
with a 3D CycleGAN reduced downstream MAE from 4.92 to 4.63 years (0.29 years) [10].
(iv) In the two hybrid models that report external validation, MAE increased from 2.34 to
3.86 years (+1.51 years) [37] and from 3.34 to 3.77-5.04 years (+0.43 to +1.70 years) [39] when
the models were applied to unseen cohorts. The internal-to-external gap is therefore larger
than the difference between paradigms, which identifies generalization, not in-distribution

accuracy, as the main limitation of the current state of the art.

Performance by Dataset Benchmark

Reported performance varies with the benchmark. Among the studies verified in Table
7, UK Biobank models report MAEs of 2.14-2.30 years [5, 38]; multi-dataset lifespan models
report 2.34-3.34 years [13, 31, 37, 39]; and cognitively normal ADNI participants yield 3.30
years [52]. The same model can produce very different errors on cohorts with different age
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ranges — for example, 3.30 years on ADNI and 7.07 years on the paediatric CANDI cohort
[52] — which confirms that MAE must be interpreted together with the age distribution of
the test set [25]. Direct comparison is further complicated by differences in cross-validation
procedures, subject selection and preprocessing.

Critical Qualitative Analysis of Paradigm Limitations

CNN-based models learn local features well but capture long-range cortical-subcortical
relationships poorly and perform worse on scanner-heterogeneous datasets. Transformer-
based models model global context better but are data-hungry and prone to fitting scanner-
specific artefacts unless large, harmonized datasets are available. CNNs are sample-

efficient because of their locality bias, but the same bias limits their receptive field.

Generative harmonization (CycleGAN) and diffusion models are promising for cross-
site generalization but carry their own risks. Distribution-matching translation can
hallucinate or suppress anatomical features [40], which is most problematic when site-
specific intensity differences overlap with age-related intensity changes. When
harmonization is performed as pure preprocessing without task-specific supervision, this
artefact risk is not controlled. Diffusion models are more faithful than GANs but

computationally expensive because of the number of denoising steps [45].

Hybrid architectures use several fusion mechanisms to resolve the local-global trade-
off. BrainRotViT combines a ViT encoder with a residual CNN regressor, and its attention
maps highlight ageing-related regions such as the cerebellar vermis, the pre- and
postcentral gyri, the temporal lobes and the medial superior frontal gyrus [39].
NeuroAgeFusionNet adds uncertainty quantification to a CNN-Transformer—-GNN
ensemble at the cost of higher computation [38], and TractGraphFormer provides
anatomical interpretability through graph-based fusion but is restricted to diffusion MRI
[53].

Gaps in Current SOTA Coverage

The reviewed studies reveal several gaps that restrict clinical translation. First, external
validation is still uncommon; among the hybrid models in Table 7, only PSET-DABC and
BrainRotViT report it, and their MAE increased by 0.4-1.7 years relative to internal
validation (see Descriptive Synthesis of Reported Performance). Second, harmonization is
almost always performed as a separate preprocessing step rather than as a task-supervised
component. Third, inference time, memory and parameter counts are reported
inconsistently, which limits the assessment of clinical feasibility. Fourth, code or trained
models are not available for many models, which hinders replication. Fifth, most datasets

focus on middle-aged and older adults, with few paediatric or very elderly participants.

Evidence Strength and Unresolved Gaps

Table 8 ranks the main findings of the literature by the strength of the supporting
evidence, using the evidence-grading criteria defined in the Review Methodology, and
pairs each finding with the gap that remains unresolved. Only two findings reach the
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“strong” level, and both concern well-established foundations (deep models on large
cohorts and the need for bias correction). The claims most often used to motivate hybrid
generative-Transformer designs are supported only by moderate or limited evidence, and
several (diffusion augmentation, federated learning and clinical feasibility) have not yet
been tested directly.

Table 8. Ranking of Evidence Strength and Unresolved Gaps

Rank Finding Key evidence Strength Unresolved gap Priority
1 Deep models trained on  [4-6, 31, 35] Strong Accuracy on small or Medium
large T1w cohorts reach clinical cohorts
MAE of about 2—4 years
2 Brain-age gap requires  [2, 17, 25] Strong Correction not High
age-bias (regression-to- reported consistently
mean) correction across studies
3 MAE and R? depend on  [25, 52] Moderate No standard Critical
test-set age range; cross- benchmark or fixed
study comparison is splits
unreliable
4 Local-global (CNN + [13, 37-39] Moderate ~ Head-to-head High
attention) hybrids give evidence from one
the lowest internal study only [13]; none
MAEs on external multi-
site data
5 Performance drops on [37, 39] Moderate External validation = Critical
external cohorts reported by few
studies
6 Image- or feature-level — [9-11] Limited Harmonization Critical
harmonization decoupled from the
improves downstream age objective;
accuracy hallucination risk
[40]
7 Adding non-imaging [33, 52, 54] Limited Gains of 0.16-0.54 Medium
covariates or modalities years from single
improves accuracy studies; deep

multimodal fusion
not yet compared
with TIw-only

baselines
8 Interpretability maps [28, 39, 53] Limited Stability across High
align with known subjects and sites
ageing regions untested
9 Transformers need very [12, 13] Limited No brain-age data- ~ Medium
large datasets to scaling study

outperform CNNs
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Rank Finding Key evidence Strength Unresolved gap Priority
10 Diffusion-based [36, 49] Insufficient Never tested on High
augmentation corrects downstream brain-
age imbalance age bias;
memorization risk
[46]
11 Federated learning - Insufficient No brain-age Medium
preserves centralized federated or
accuracy; models are prospective clinical
clinically deployable studies identified

HYBRID GENERATIVE-TRANSFORMER ARCHITECTURES: A
CRITICAL SYNTHESIS

Recent hybrid architectures combine harmonization or bias control with Transformer-
based prediction, moving beyond the decoupled “preprocessing-then-prediction” design
by integrating harmonization, augmentation and global context modelling in one pipeline,
see Table 9.

PSET-DABC [37] uses 3D Inception blocks for local feature extraction and a pyramid
squeeze-and-excitation Transformer for global dependencies. Self-supervised pre-training
and meta-learning provide dataset-adaptive generalization, and a dataset-adaptive and
bias-constrained (DABC) regularization term penalizes dataset-specific bias during
training. On 15,437 T1-weighted scans from 18 datasets (age 5-97 years) it reported an MAE

of 2.34 years, rising to 3.86 years on external datasets.

BrainRotViT [39] pre-trains a ViT encoder on auxiliary age and sex classification. The
frozen encoder processes sagittal slices into embedding matrices that a residual CNN
regressor maps to age, with subject sex injected at the final fully connected layer.
Separating feature extraction from regression lets the Transformer learn robust global
representations while the CNN refines local detail. It reported an MAE of 3.34 years (r =
0.98, R? = 0.95) across 11 datasets from more than 130 sites and 3.77-5.04 years on four

independent cohorts.

TractGraphFormer [53] combines a graph CNN stream that encodes local anatomical
properties of white-matter fibre tracts with a Transformer stream that learns global
information about the structural connectome through self-attention. An attention module
identifies the most predictive white-matter connections, linking prediction accuracy with
neurobiological interpretability. It was evaluated on children (n = 9,345) and young adults
(n=1,065).

NeuroAgeFusionNet [38] fuses CNN, Transformer and GNN representations and adds
uncertainty —quantification, representing local morphology, global anatomical
dependencies and topological connectivity simultaneously. It reported an MAE of 2.30
years (R? =0.96) on the UK Biobank, with per-prediction uncertainty estimates.
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Table 9. Architectural and Performance Characteristics of Published Hybrid Architectures

Method Architecture Training objective Data MAE Key
components (years) contribution
PSET-DABC 3D Inception + Age loss + DABC bias 15,437 scans, 2.34 (int.); Dataset-
[37] pyramid squeeze- regularization; self- 18 datasets  3.86 (ext.) adaptive, bias-
and-excitation supervised pre- constrained
Transformer training; meta- training
learning
BrainRotViT ViT encoder + Auxiliary age/sex 11 datasets,  3.34 (int.); Attention-based
[39] residual CNN pre-training; >130 sites 3.77-5.04  interpretability
regression with sex (ext.)
input
TractGraphFo Graph CNN + Age and sex 9,345 - Fibre-tract
rmer [53] Transformer + prediction from children; interpretability
attention module tractography 1,065 young
adults
NeuroAgeFus CNN + Age loss with UK Biobank  2.30 Uncertainty
ionNet [38] Transformer + uncertainty quantification;
GNN estimation; feature multi-stream

fusion

fusion

Four common design principles emerge. First, all successful hybrids separate local

feature extraction from global context modelling and fuse them at an intermediate

representation level. Second, bias-constrained or harmonization-aware loss terms are

associated with better cross-site generalization. Third, explicit interpretability mechanisms

(attention maps or gated modules) improve clinical acceptability. Fourth, auxiliary tasks

(sex prediction) and self-supervised pre-training improve representation quality and,

consequently, age regression. Table 10 links these principles to their technical formulation

and to the gap they address.

Table 10. SOTA-Informed Design Principles for Hybrid Brain-Age Architectures

Design principle

Implementation
strategy

Technical
formulation

Evidence from
SOTA

Addressed gap

Self-supervised
pre-training

Meta-learning
adaptation

Bias-constrained
training
Auxiliary task
grounding
Feature fusion

Anatomically
guided attention
Uncertainty

quantification

Feature learning
from unlabelled
MRI

Few-shot
adaptation to new
datasets
Penalize dataset-
specific bias
Age/sex pre-
training

CNN +
Transformer (+
GNN)

Attention over
tracts or regions
Confidence for
each prediction

Contrastive or
masked-autoencoder
loss

MAML-type episodic
training

Bias regularization
term (Eq. 13)
Multi-task loss Hge +
Sux

Cross-attention (Egs.
7-8)

Gate g = o(Wg[] + D)
(Eq.9)

Gaussian negative
log-likelihood (Eq.
11)

PSET-DABC [37]

PSET-DABC [37]

PSET-DABC [37]
BrainRotViT [39]

NeuroAgeFusionNe
t [38]; GLT [13]

TractGraphFormer
[53]
NeuroAgeFusionNe
t[38]

Data scarcity

Multi-site
generalization

Scanner-domain
shift; age bias
Representation
quality
Local-global
trade-off

Interpretability

Clinical trust
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A critical reading of the literature also shows persistent shortcomings. Joint CNN-
Transformer training is computationally demanding, and none of the four hybrids reports
a complete accounting of training and inference cost. Generative harmonization modules
such as DDPMs require many iterative denoising steps, which hinders real-time
deployment. Finally, differences in datasets, preprocessing and cross-validation make
results difficult to compare across studies. Future hybrid architectures should therefore
integrate these evidence-supported principles within a coherent design strategy rather
than combining individual components without a systematic rationale. This provides the

basis for the framework presented in the following section.

HAGT: AN EVIDENCE-DERIVED HARMONIZATION-AWARE
GENERATIVE-TRANSFORMER DESIGN FRAMEWORK

The synthesis above shows that no published model simultaneously (i) couples
harmonization to the age objective, (ii) fuses local and global representations, (iii)
constrains age bias and (iv) quantifies uncertainty. We therefore formalize HAGT
(Harmonization-Aware Generative-Transformer) as a design framework derived from the
evidence in Tables 8 and 10. HAGT is not a new trained model and this review reports no
new experiments; it is a specification whose components are each traced to supporting

evidence (Table 11) and whose predictions are testable through hypotheses H1-H6.

Formal Definition

Let x be a T1-weighted volume acquired at site s € {1, ..., S} from a subject with
chronological age y. HAGT is the composition of four modules. M1 — task-coupled

harmonizer. A generator Go maps the input to a site-normalized volume:
X = Gq, (x,5) (6)
M2 - local encoder. A 3D CNN converts X'into Tt local tokens Fr. M3 — global encoder.

A (windowed) Transformer converts non-overlapping patches of size p3 into T global

tokens Fc using scaled dot-product attention [55]:

Attn(Q, K, V) = softmax (%) %4 7)

M4 — gated cross-attention fusion and regression head. Local tokens query the global
context, and a learned gate decides, per token, how much global information to admit [13,
53]:

Fi¢ =Attn(F Wo,FcWy,FeWy) (8)
g=0(W,[F;F_cl+b), F=gOF,+(1-9)OF,_; )

A pooled representation of F is passed, with optional covariates (e.g., sex), to a head
that outputs a predicted mean age pi and variance oi2. The whole system is trained end to
end with

L= Lage + Alﬁcyc + 13 Lgite + A3 Lpias T AaLaux (10)
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2
Lye=13¥, % + %logaf] (11)
Lcyc = ||Gt—>s(Gs—>t(x)) - X||1 (12)
Liias = lo(u—y, )| (13)
Lt = —%Z?’:ﬂ()ngp(SﬂFi) (14)

Equation 11 is the heteroscedastic Gaussian negative log-likelihood, which yields per-

subject uncertainty [38, 56]. Equation 12 is the cycle-consistency term that keeps the

harmonizer anatomy-preserving. Equation 13 penalizes the correlation between the brain-

age gap and chronological age, i.e. the regression-to-the-mean bias that otherwise has to

be removed post hoc [2, 17, 37]. Equation 14 is the cross-entropy of a site discriminator Dy;

the encoders are trained to maximize it through gradient reversal, so the fused features

become site-invariant, as in adversarial scanner unlearning [9]. %uw is an auxiliary sex-

classification loss [39].

Design Rules Derived from the Evidence

R1 - Couple harmonization to the task. Gy receives gradients from %ge and %ie, not
only from %.; this addresses the decoupling gap and constrains hallucination [10,
40].

R2 —Make harmonization removable at inference. Because site invariance is enforced
in feature space (Eq. 14), Ge can be dropped or replaced by a single forward pass at
inference, avoiding the t-step cost of diffusion harmonizers (Table 12).

R3 — Bound the token budget. Choose p and the attention window so that the
attention cost (Eq. 15) fits clinical hardware.

R4 - Correct and report bias. Train with Eq. 13 and still report post-hoc corrected
gaps (Eq. 5) and age-stratified MAE.

R5 - Validate externally. Report internal and external MAE on at least one cohort
unseen during training, together with cohort, preprocessing, bias-correction, code

and computational-cost details.

Table 11. Evidence-to-Component Mapping of the HAGT Framework

HAGT Design decision  Supporting evidence  Evidence Testable prediction
component strength
(Table 8)
M1 Task-coupled, Downstream MAE Limited (rank Smaller internal-to-
harmonizer  train-time gain 0.29 years [10]; 6) external MAE gap
harmonization unlearning [9]; than decoupled
with cycle and hallucination risk [40] harmonization (H4)

site losses

M2 local Lightweight 3D Strong CNN baselines  Strong (rank  Retains CNN
encoder CNN [5, 31] 1) accuracy on small

cohorts
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HAGT Design decision  Supporting evidence  Evidence Testable prediction
component strength
(Table 8)
M3 global Windowed Global-local gains [13]; Moderate Hybrid beats CNN
encoder Transformer on ~ windowed attention (rank 4); on identical splits
3D patches [42] limited for (H1); threshold lower
data size than 10,000 scans
(rank 9) (H3)
M4 fusion Gated cross- [13, 38, 53] Moderate Gate values indicate
attention (Egs. 8- (rank 4) regional reliance on
9) global context
Head Heteroscedastic,  Bias correction [2, 17];  Strong (rank  Lower age-stratified
bias-constrained  uncertainty [38] 2) bias at age extremes
(Egs. 11, 13)
Auxiliary Sex classification / Covariate gain 0.16 Limited (rank Small but consistent
inputs covariate input years [33]; multimodal 7) gain (H5)
gain 0.54 years [54];
[39]
Optional Age-conditioned  [36, 49] Insufficient Reduced regression-
augmentatio latent diffusion (rank 10) to-mean bias (H2)

n for sparse ages

Computational Complexity of HAGT

For an input of H x W x D voxels and patch size p, the global encoder operates on T =
HWD/p? tokens. Each of its L layers costs O(12d) for the attention matrix plus O(Td?) for the

projections and feed-forward layers [55]:
Cattn = O (L (1%d + sz)), T =10 (15)
The total inference cost of HAGT is the sum of its modules:
Ciikr = Co + O (B1VIk*CiCr) + Carn + O(T, TD) (16)

where the second term is the 3D CNN cost (Vi voxels, kernel size k and Ci channels in
layer I) and the last term is cross-attention fusion. The harmonizer cost Cc is zero if
harmonization is used only during training (rule R2), one generator pass for a GAN, and t
denoiser passes for a diffusion model, where T is typically up to 1,000 steps for a standard
DDPM [45]. Training additionally requires the site discriminator, the reverse generator for

Eq. 12 and backpropagation through all modules.

Worked example. For a 160 x 192 x 160 volume, a patch size of 16 gives T=10 x 12 x 10
= 1,200 tokens and an attention matrix of 1.44 x 10¢ entries per head and layer (about 5.8
MB in 32-bit precision). Halving the patch size to 8 gives T = 9,600 tokens and 9.22 x 107
entries (about 369 MB) — a 64-fold increase. Restricting attention to 7 x 7 x 7 windows (343
tokens) [42] reduces this to 9,600 x 343 = 3.3 x 10¢ entries, a 28-fold saving that makes fine
patches feasible on clinical GPUs. Similarly, replacing a 1,000-step diffusion harmonizer by
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train-time-only harmonization removes about 1,000 generator evaluations per scan at
inference. These figures explain why computational cost, rather than accuracyj, is likely to
decide which hybrid designs reach clinical deployment. Table 12 summarizes the cost of
each module.

Table 12. Computational Complexity of HAGT Modules and Mitigation Strategies

Module Time complexity =~ Memory Dominant factor Mitigation

3D CNN encoder O(XZ Vik*Ci-1Ci) O ity Input resolution, Lightweight design
M2) channels [5, 34]

Global self- O(L(T*d + Td?)) O(T?) per head Token count T= Larger patches;
attention (M3) HWD/p? windowed attention
Windowed O(L(TM?d + Td?)) O(TM?) Window size M Shifted windows
attention (M3) [42]

Cross-attention ~ O(T.Td) O(T.T) Number of local Pool local tokens
fusion (M4) tokens before fusion

GNN branch O(IEld + 1 VId?) O(IEl + 1VId) Graphsize Parcellation-level
(optional) graphs

GAN One generator pass Generator Generator depth  Train-time-only use
harmonizer (M1) activations (R2)

Diffusion T denoiser passes  Denoiser Steps T (up to Latent diffusion [36];
harmonizer (M1) activations 1,000) train-time only

Site O(T4d), training only Small - Not used at
discriminator inference

Compared with the authors’ earlier NeuroAgeFusionNet [38], HAGT adds task-
coupled harmonization (M1), an explicit site-adversarial objective and a bias constraint,
and it specifies how to keep inference cost bounded; compared with PSET-DABC [37] and
BrainRotViT [39], it adds image-level harmonization and uncertainty-aware regression in

a single objective.

RESEARCH CHALLENGES AND OPEN ISSUES

Despite major advances in CNNs, Transformers, generative models and hybrid
architectures, brain-age estimation is still limited in reliability, generalizability and clinical
deployability. Building reliable, interpretable and clinically useful systems requires
tackling scanner heterogeneity, data imbalance, interpretability gaps and computational

cost.

Multi-Site Variability and Scanner-Domain Shift

Differences in scanner manufacturer, field strength, acquisition protocol and
preprocessing pipeline change MRI images systematically. These variations skew voxel-
intensity distributions and can lead deep models, particularly Transformers, to learn
scanner signatures instead of biological ageing patterns [9, 11]. Performance drops by 0.4—
1.7 years when hybrids are applied to unseen cohorts (see Descriptive Synthesis of
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Reported Performance), and no harmonization framework (ComBat, CycleGAN or
diffusion-based) has been adopted as a standard.

Inadequate Harmonization and Domain-Adaptation Pipelines

Although GAN- and diffusion-based harmonization can improve cross-site robustness,
these techniques are used inconsistently and lack standardized evaluation. Many studies
apply minimal preprocessing, which can inflate MAE on different scanners; GAN-based
translation across sites can introduce hallucinated anatomical patterns [40]; and very few
studies systematically compare harmonized and non-harmonized performance on the
same data [10]. Conventional statistical approaches such as ComBat correct only
distribution-level differences in derived features and do not operate on high-dimensional
voxel data [7].

Limited Lifespan Coverage and Weak Augmentation

Neuroimaging datasets are typically skewed towards middle-aged adults, with few
very young or very old participants. This imbalance strengthens regression to the mean at
the age extremes [17]; traditional flips and rotations add little anatomical diversity; and
generative augmentation, although more realistic, is complex and unstable to train and has

not yet been shown to reduce brain-age bias [36, 49].

Trade-Off Between Local and Global Feature Representation

CNN:s capture local morphology well but cannot model long-range cortical-subcortical
interactions, whereas Transformers capture global dependencies but need large, balanced
data to avoid overfitting [12]. Combining both pathways increases the complexity of
fusion, normalization and interpretation, and some hybrids yield uneven results because

of differences in implementation quality, patching schemes and training data.

Computational Cost and Resource Efficiency

Whole-brain 3D CNNs, Swin and pyramid Transformers and diffusion models require
substantial GPU memory and training time, which exceeds the hardware available in many
clinical centres. Diffusion inference requires many denoising steps [45], and few
architectures are designed to run on hospital PACS or low-resource systems. The
complexity analysis of HAGT (Eqs. 15-16, Table 12) quantifies these costs and shows how
they can be bounded.

Explainability and Clinical Trustworthiness

Clinicians need to understand why a model judges a brain to be older or younger than
expected. CNN saliency maps are approximate, Transformer attention matrices are dense
and difficult to read, and gradient-based explanations such as DeepSHAP vary more than
SHAP explanations of morphometric models [28]. Few studies correlate model-derived
regions with established ageing biomarkers such as hippocampal atrophy and ventricular
expansion, and non-explainable systems are difficult to qualify for clinical approval.
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Dataset Bias, Limited Diversity and Lack of Standard Benchmarks

Brain-age datasets often have limited diversity in ethnicity, sex and comorbidity, which
can reduce fairness and robustness. Studies use different preprocessing pipelines
(FreeSurfer, FSL and ANTs), many state-of-the-art models are not publicly available, and
inconsistent use of MAE, bias correction and calibration makes results difficult to compare
[25].

Real-World Deployment Barriers

Even the strongest research models rarely transition into clinical workflows. Integration
with PACS/RIS requires strict latency, robustness and compatibility; current architectures
are too heavy for on-scanner inference; and lifespan brain-age biomarkers risk misuse

without clear ethical and privacy guidelines.

FUTURE RESEARCH DIRECTIONS

Brain-age prediction is maturing into a neuroimaging biomarker whose clinical and
translational potential has not yet been realized. Based on the limitations identified in the
preceding sections, Figure 2 maps each major gap to the current SOTA response, the reason
this response is insufficient and the breakthrough required, together with an indicative

time horizon.

Research gap Current SOTA response Why it is insufficient Required breakthrough Horizon
r N
& . o ComBat; CycleGAN (IGUANe); Harmonization decoupled from Task-coupled harmonization with

Scanner-domain shift | -» adversarial unlearning * | " the regression objective site-adversarial loss (HAGT M1) |*| Short
L L )
r IS e 2

Internal-external Ly Multi-dataset training; Z MAE rises by 0.4-1.7 y on . Locked external benchmarks with A Short

performance drop bias-constrained loss (PSET-DABC) external cohorts fixed splits across =3 cohorts

L ) . )
‘T s 2

Age-conditioned augmentation
validated on age-stratified MAE

Age imbalance / Statistical bias correction; Synthesis never tested on

regression to mean | age-conditioned diffusion synthesis downstream brain-age bias » | Medium

L J
r \
Local-global s CNN + Transformer / GNN . Only one head-to-head test | Ablation-standardized fusion » | Maditin
trade-off fusion (2.30-3.34 y) on identical data (CNN vs ViT vs hybrid, same splits)
. J
r 3
Lightweight CNN (SFCN); Attention O(N?); diffusion Train-time-only harmonization; ¢
Compute cost g latent diffusion » needs T denoising steps e windowed attention; distillation > [ Medium
e \ J
r r
Interpretability & 5 Attention / SHAP / gated 5 Maps unstable across , | Region attributions validated against Ton
clinical trust tract attention subjects and sites known atrophy markers; uncertainty g
N \ )
~ r N\ N\
< No federated brain-age Federated HAGT with site-level
Privacy & scale > Centralized pooled cohorts > Gdines founa *| harmonization, prospective trials: |> Long

L \ J

Figure 2. Gap-to-Solution Roadmap. Each Row Links a Research Gap to the Current State-of-the-
Art Response, the Evidence of Why It Is Insufficient (Tables 7 and 8) and the Breakthrough
Required. Horizon: Short (1-2 Years), Medium (2—4 Years), Long (>4 Years).
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Harmonization-Aware Learning Pipelines

CycleGAN, ComBat and diffusion-based harmonization improve cross-site robustness
but are applied as external preprocessing. Next-generation systems should be trained end
to end so that scanner-invariant features, domain adaptation and age prediction are
learned jointly (HAGT rule R1). Such pipelines would reduce domain shift and artefacts
and support deployment across heterogeneous clinical scanners.

Lifespan-Balanced Generative Modelling

Because most MRI samples come from middle-aged adults, predictions at the extremes
of the age range are less reliable. Age-conditioned diffusion or GAN-based synthesis
should be used to balance lifespan distributions and increase morphological variability,
and must be validated by its effect on age-stratified MAE and regression-to-the-mean bias,
while guarding against training-data memorization [46]. This is most valuable for
paediatric, adolescent and geriatric populations, where brain-age deviations are most

clinically informative.

Lightweight and Deployable Hybrid Architectures

Future hybrids should preserve local-global integration while reducing memory and
compute. Options include windowed or low-rank attention, MobileViT-style 3D variants
and distillation-based compression, guided by the complexity analysis of HAGT (Table

12). Such designs would make on-scanner or near-real-time inference possible.

Interpretability and Biological Alignment

Biologically grounded explanations are needed, for example attention maps validated
against cortical-thinning curves, white-matter degeneration and ventricular enlargement.
Quantitative region attribution, counterfactual generative analysis and saliency

stabilization can improve trustworthiness and regulatory readiness.

Multi-Modal Integration and Trajectory Modelling

Most models rely on T1l-weighted MRI alone and ignore the complementary
information in diffusion MRI, resting-state fMRI, perfusion imaging and genetics [53, 54].
Multi-modal fusion Transformers and cross-modal generative alignment could yield more
holistic ageing biomarkers. In addition, existing methods produce a single estimate at one
time point; temporal Transformers, longitudinal generative models and sequence-based
hybrids could instead model individual ageing trajectories and the onset of

neurodegeneration [50].

Graph Neural Networks for Structural and Functional Topology
The brain is naturally represented as a graph. Applying GNNs to cortical-thickness

networks, structural connectomes or fMRI connectivity enables topology-aware brain-age

estimation that aligns predictions with known patterns of network-level degeneration [53].
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Federated and Continual Learning

Future brain-age systems will need to learn across geographically distributed sites
without a central data repository. Federated learning can adapt models to new
demographics and scanners while preserving privacy, and continual learning can maintain
stability in evolving longitudinal cohorts with minimal catastrophic forgetting. No
federated brain-age study was identified in this review, so H6 remains untested.

Automated Quality Control and Sustainable Pipelines

Automated quality control, anomaly detection and continuous performance
monitoring could detect scanner drift and trigger recalibration, leading to self-monitoring
brain-age systems. Sustainability-focused training strategies can reduce compute use and

carbon footprint during large-scale training.

Quantum-Inspired Learning

Quantum-inspired feature encodings and hybrid quantum-—classical models have been
proposed as a way to represent high-dimensional morphology [51]. Because no MRI-based

brain-age application exists yet, this remains a long-term, exploratory direction.

DISCUSSION
Synthesis of Findings

This review synthesized 52 studies on brain-age estimation with deep-learning,
generative and Transformer approaches. Because designs were heterogeneous, the
evidence was summarized descriptively and no pooled statistical test was performed.
Models that fuse convolutional and attention-based pathways report the lowest internal
errors (median MAE 2.70 years, range 2.30-3.34) compared with CNN-family models
(median 3.17 years, range 2.14—4.44), a difference of about 15% that is confounded by
dataset and publication year. Within-study comparisons, which hold the data constant,
show smaller but more reliable effects: adding multimodal imaging features reduced MAE
by 0.54 years [54], integrating sex information by 0.16 years [33] and CycleGAN
harmonization by 0.29 years [10]. In contrast, external validation increased MAE by 0.43-
1.70 years in the hybrids that reported it [37, 39]. The dominant source of error in current
systems is therefore the shift between training and deployment populations, not the choice

between CNN and Transformer backbones.

Hypothesis Verification

Table 13 classifies each hypothesis using the decision rules defined in the Review
Methodology and the evidence grades of Table 8. Overall, none of the six hypotheses is
fully supported at its stated threshold. H1 and H5 are partially supported, H3 is not
supported as a strict threshold, and H2, H4 and H6 cannot be evaluated with the published
evidence. These hypotheses should therefore be regarded as research questions for future
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controlled studies rather than as established conclusions; Table 11 shows how each can be
tested within the HAGT framework.

Table 13. Verification of Hypotheses H1-H6 Against the Reviewed Evidence

Hypothesis Evidence from the review Assessment Decision
HI: hybrid CNN- Median internal MAE 2.70 vs 3.17  Direction consistent; Partially
Transformer reduces  years (about 15% lower) across reductions of 9-17%  Supported
MAE by >20% vs different datasets (see Descriptive fall short of the 20%
CNN on multi-site Synthesis of Reported threshold; evidence
data Performance); head-to-head on moderate

identical data: 2.70 vs 2.97-3.25

years (9-17% lower) [13]
H2: DDPM Diffusion models generate No direct test Insufficient
augmentation reduces realistic, age-conditioned images Evidence
regression-to-mean [36, 49], but no study measured
bias by >15% vs GAN downstream bias against GAN
augmentation augmentation
H3: Transformers A Global-Local Transformer Evidence contradicts Not
need >10,000 training  outperformed the CNN baselines  a strict 10,000-scan ~ Supported
scans to outperform  evaluated in the same study with  threshold, but no (limited
CNNs 8,379 scans [13]; Transformers are  data-scaling study evidence)

data-hungry in general vision [12] exists
H4: diffusion-based CycleGAN harmonization Threshold not met Insufficient
harmonization improved downstream MAE by by GAN evidence; Evidence
improves cross-site 0.29 years [10]; no diffusion-based diffusion untested
MAE by 20.5 years harmonization study reported

brain-age MAE
H5: multi-modal Adding resting-state functional Threshold met in Partially
integration improves  connectivity features to structural one study with a Supported
MAE by 20.3 years (T1w-derived) features reduced matched baseline;
over Tlw MAE from 4.83 to 4.29 years (0.54 not yet replicated

years) [54]; adding sex (limited evidence)

information gave 0.16 years [33]
Hé: federated learning No federated brain-age study Untested Insufficient
retains >95% of identified Evidence
centralized
performance

Why the Current State of the Art Remains Insufficient

Five observations explain why recent gains have not yet translated into clinically usable

brain-age biomarkers.

¢ In-distribution accuracy is saturating, generalization is not. Large-cohort models

already reach internal MAEs of about 2.1-2.7 years [5, 37, 38], whereas external
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errors are 0.4-1.7 years higher [37, 39]. Further architectural refinements that lower
internal MAE by a few tenths of a year do not address the larger external error.

¢ A lower MAE is not automatically a better biomarker. Bashyam et al. reported that
moderately fitted brain-age models discriminated disease groups significantly better
than tightly fitted models in two of the four disease groups tested [6], and MAE
depends on the age range of the test sample [25]. Optimizing MAE alone can

therefore remove the very deviations that make brain age clinically informative.

e Harmonization is decoupled from the prediction objective. Harmonizers are trained
to match image distributions, not to preserve age information, and can hallucinate
or remove features [40]; the only quantified downstream gain is modest (0.29 years)
[10].

e Bias, uncertainty and cost are rarely reported. Without age-bias correction,
uncertainty estimates and computational cost, clinicians cannot judge whether an

individual brain-age gap is meaningful or whether a model can run in their setting.

e Evidence for generative augmentation, diffusion-based harmonization and
federated learning is missing. Three of the six hypotheses could not be evaluated at

all, which shows that the field’s most-cited future directions are still largely untested.

Accordingly, the following concrete breakthroughs are required: (i) a shared
benchmark with fixed subject-level splits across at least three cohorts that include the age
extremes, with mandatory external testing; (ii) task-coupled harmonization that is shown
to reduce the internal-to-external MAE gap, for example to below 0.5 years; (iii) evaluation
of brain-age gaps by their effect size in clinical groups, not only by MAE in healthy controls;
(iv) calibrated per-subject uncertainty; (v) hybrid architectures with bounded inference

cost (Table 12); and (vi) prospective, longitudinal clinical validation.

Critical Comparison with the State of the Art
NeuroAgeFusionNet (MAE 2.30 years) and PSET-DABC (MAE 2.34 years) report the

lowest internal errors among the hybrids, both combining convolutional and attention-
based components; PSET-DABC also reports external performance. BrainRotViT (MAE
3.34 years) shows that interpretability can be obtained with a moderate accuracy cost, and
TractGraphFormer provides anatomically informed prediction but is currently limited to
diffusion MRI. Hybrids work because CNN local feature extraction, Transformer global
context modelling and GNN topological reasoning capture complementary aspects of
brain-ageing morphology, while harmonization or bias-constrained training reduces

scanner-specific artefacts and thereby strengthens the biological ageing signal.

Limitations of This Review

This review has several limitations. First, heterogeneity in cohorts, age ranges,
preprocessing and validation precluded meta-analysis, so the comparisons are descriptive.
Second, performance values were taken from the original publications and may be affected
by reporting and publication bias. Third, a formal study-level risk-of-bias appraisal was
not performed, so the evidence grades rely on the consistency and validation design of the
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reported results. Fourth, most included studies use T1-weighted MRI only, so conclusions
about other modalities are tentative. Fifth, quantum-inspired models have not yet been
applied to MRL Finally, HAGT is an evidence-derived design framework that has not been
empirically validated in this review; its predictions are stated as testable hypotheses.

CONCLUSIONS

Brain-age estimation has progressed from kernel regression on morphometric features
to hybrid architectures that combine convolutional, attention-based, graph-based and
generative components. This evidence-graded review of 52 studies shows that the progress
is real but uneven. Only two findings are supported by strong evidence: deep models
trained on large T1-weighted cohorts achieve MAEs of about 2—4 years, and brain-age gaps
require bias correction. Hybrid local-global models report the lowest internal errors
(median 2.70 versus 3.17 years for CNN-family models), but this advantage is smaller than
the 0.4-1.7-year increase in error observed on external cohorts. The central problem of the

field has therefore shifted from accuracy to generalization, bias and clinical validity.

None of the six hypotheses was fully supported, and three could not be tested, which
shows that much of the field’s agenda rests on untested assumptions. To close this gap, we
proposed HAGT, an evidence-derived framework in which harmonization is coupled to
the age objective, local and global representations are fused through gated cross-attention,
age bias is constrained during training and uncertainty is estimated for each prediction,
with an explicit complexity analysis showing how inference cost can be bounded. Progress
now depends less on new backbones than on shared external benchmarks, task-coupled
harmonization, disease-relevant evaluation, calibrated uncertainty and prospective clinical
validation. Meeting these requirements is the step that would allow brain age to move from
a research metric to a clinically usable biomarker for neurodegenerative disease and

population health.
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