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Abstract. Accurate characterization of brain aging is essential for un-
derstanding cognitive decline and assessing the risk of neurodegener-
ative disease. Brain age estimated from cross-sectional magnetic reso-
nance imaging (MRI) data provides a snapshot of brain health relative
to chronological age, and the derived brain age delta has emerged as a
promising biomarker. However, brain age delta reflects cumulative effects
at a single time point and fails to capture ongoing aging dynamics. Lon-
gitudinal approaches address this limitation by estimating age differences
between scan pairs to derive aging speed. Nevertheless, existing meth-
ods primarily rely on intensity or texture differences between images,
overlook the spatial heterogeneity of aging processes, and provide lim-
ited interpretability. To overcome these limitations, we propose a novel
framework that estimates brain aging speed from longitudinal deforma-
tion fields obtained via diffeomorphic image registration. Instead of solely
generating a single global estimate, our method produces patch-wise lo-
cal aging predictions and adaptively integrates them into a unified global
prediction, improving both predictive performance and interpretability.
Evaluated on large-scale datasets, our approach achieves superior accu-
racy compared with existing methods and enhances the identification of
abnormal aging patterns in diseased populations. Code is available at
https://github.com/Kateridge/MorphologyAgingSpeed.
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1 Introduction

Brain aging is a complex and long-term process characterized by gradual cog-
nitive decline and biological changes such as weakened neuronal communica-
tion and regional brain atrophy. While normal aging follows relatively consistent
trajectories, neurodegenerative diseases often induce abnormal regional atrophy
patterns [18,20]. Understanding normal aging trajectories is therefore critical for

https://github.com/Kateridge/MorphologyAgingSpeed
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Fig. 1. (a) Conventional cross-sectional brain age modeling predicts brain age from
a single MRI scan. Brain age delta is defined as the difference between the predicted
brain age and the chronological age. (b) Longitudinal brain aging modeling predicts the
age difference between two MRI scans. Brain aging speed is computed as the predicted
brain age difference normalized by the chronological time interval between scans.

elucidating neurodegenerative disease progression and enabling precise diagnosis
and personalized interventions.

Brain age has emerged as a promising imaging biomarker for quantifying
biological aging, typically estimated from MRI scans [8,4,12]. As illustrated in
Fig. 1(a), brain age models are commonly trained on healthy individuals, and
the difference between predicted brain age and chronological age, often referred
to as the brain age delta, is used as an indicator of brain health. A positive delta
is generally interpreted as accelerated aging [2]. However, recent studies suggest
that brain age delta does not necessarily reflect accelerated aging, as brain age
models built upon cross-sectional data primarily capture group-level averages of
the training data and are not equipped to account for individual variability in
aging rate [19]. For instance, an individual may consistently exhibit a positive
delta over time, reflecting a stable baseline shift rather than an increased ongoing
aging rate.

Longitudinal studies provide a promising alternative for estimating aging dy-
namics by modeling temporal changes in brain imaging data. Recent approaches
predict age differences directly from paired T1-weighted MRI scans [22,9], from
which brain aging speed is computed as the ratio of the predicted age differ-
ence and the chronological time interval (Fig. 1(b)). However, existing methods
primarily rely on intensity-based differences between MRI scans, making them
sensitive to imaging artifacts and scanner variability. In addition, they typically
yield a single global prediction, overlooking the spatial heterogeneity of brain
aging patterns [12]. This can lead to suboptimal performance and reduce inter-
pretability regarding region-specific contributions.

To overcome these limitations, we propose a novel framework that jointly
characterizes local and global brain aging dynamics through morphology-driven
modeling (Fig. 2). To derive representations more closely related to biological
aging, we first estimate longitudinal morphological changes using diffeomorphic
image registration, yielding a smooth, topology-preserving deformation field that
describes anatomical transformations between scans [14]. We then compute the
Jacobian determinant of the deformation field to quantify voxel-wise expansion
and contraction. To account for the spatial heterogeneity of aging dynamics, in-
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Fig. 2. Overview of Local-to-Global Estimation of Brain Aging Speed. Longitudinal
morphological changes are first estimated using deep learning–based diffeomorphic im-
age registration, producing a Jacobian determinant map that represents voxel-wise
expansion or contraction. The Jacobian map is then partitioned into non-overlapping
patches, and each patch is processed by a dedicated local regressor to predict regional
aging speed. The local predictions are subsequently integrated using learned patch rel-
evance scores, yielding a global prediction and an interpretable measure of each patch’s
contribution.

stead of producing a single global prediction, we partition the Jacobian map into
non-overlapping patches and assign each patch to a dedicated local regressor to
estimate regional brain age differences. These local predictions are subsequently
integrated using learned patch relevance scores to generate a global age differ-
ence estimate [11]. This design captures spatially varying aging patterns while
enhancing both predictive performance and local interpretability.

Our contribution are as follows: 1) We propose a morphology-driven frame-
work that estimates brain aging speed from registration-derived deformation
fields; 2) We introduce a patch-wise regression strategy that jointly produces
local and global predictions, accounting for spatial heterogeneity while enhanc-
ing interpretability; 3) We validate our method on a large and diverse dataset,
demonstrating improved prediction performance and effectiveness in identifying
abnormal aging patterns in diseased populations.

2 Method

In this section, we present the proposed aging speed estimation framework, as
shown in Fig. 2. Given a pair of MRI scans, xt1 and xt2 , acquired from two
visits of the same subject at chronological ages t1 < t2, our goal is to learn a
mapping that predicts the age difference ∆t̂ between the two scans. The model is
trained on cognitively unimpaired subjects to capture normative aging dynamics.
When applied to new data, the aging speed v is defined as the ratio between
the predicted age difference and the actual chronological interval: v = ∆t̂/∆t =
∆t̂/(t2 − t1). Intuitively, v = 1 corresponds to normal aging, whereas v > 1
indicates accelerated aging.
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Modeling morphological changes. We model longitudinal morphological
changes between xt1 and xt2 using diffeomorphic image registration that is im-
plemented with a deep neural network [14]. Specifically, xt1 and xt2 are concate-
nated and fed into a U-Net to predict a stationary velocity field u : Ω → R3,
where Ω ⊂ R3 denotes the image domain. In discrete form, u ∈ R3×H×W×D with
a three-dimensional velocity vector defined at each voxel of the input images.
The corresponding diffeomorphic deformation field ϕ : Ω → Ω is obtained by
integrating the ordinary differential equation parameterized by u:

d(ϕ(t))

dt
= u(ϕ(t)), ϕ(0) = Id. (1)

Integrating Eq. 1 over unit time yields the final deformation field:

ϕ =

∫ 1

0

u(ϕ(t))dt. (2)

A spatial transformer layer [13] is then used to warp xt1 using ϕ to align it with
xt2 . Registration accuracy is enforced using a local normalized cross-correlation
loss [3] Lreg between the warped image x̂t2 = xt1 ◦ ϕ and xt2 . Following [5],
a smoothness regularization loss Lsmo is further applied to the velocity field u
using a diffusion regularizer on its spatial gradients.

The deformation field encodes the voxel-wise displacement from xt1 to xt2 ,
with a displacement vector defined at each voxel. To quantify the correspond-
ing local volumetric changes, we compute the Jacobian determinant map J ∈
RH×W×D of the deformation field ϕ, which characterizes voxel-wise expansion
(J > 1) or contraction (J < 1). This Jacobian map serves as a morphology-
based representation of longitudinal brain changes for subsequent aging speed
estimation.

Local predictions. Because aging is spatially heterogeneous and different brain
regions may exhibit distinct aging patterns, we partition the Jacobian determi-
nant map into N non-overlapping patches Ji, i ∈ [1,N]. A patch-specific regres-
sion model is built for each patch to estimate the local brain age difference
∆t̂i. To encourage local predictions to approximate the true chronological age
difference ∆t = t2 − t1, we use the mean absolute error (MAE) loss:

Llocal =
1

N

N∑
|∆t̂i −∆t|. (3)

Global prediction. The global prediction ∆t̂ is obtained by aggregating local
predictions using a set of patch relevance scores αi:

∆t̂ =

N∑
αi∆t̂i. (4)
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Table 1. Summary of cognitive unimpaired participants used to train and validate the
framework. The numbers of subjects, sessions, and image pairs are reported, together
with the statistics of ∆t, t1, and t2 (measured in years).

Cohort N
(subjects)

N
(sessions)

N
(pairs)

∆t in pairs
mean(std)

Age (t1) Age (t2)
min. max. mean (std) min. max. mean (std)

ADNI 562 2576 5544 3.9 (2.6) 55.8 94.6 75.4 (6.1) 57.2 95.6 79.4 (6.4)
OASIS-3 439 1339 1630 4.7 (2.5) 43.4 92.3 66.2 (8.4) 46.7 94.4 70.9 (8.2)
AIBL 155 502 657 2.7 (1.4) 61.0 90.3 73.2 (6.8) 62.6 92.4 76.0 (6.8)

The relevance weights αi are set as learnable parameters and are jointly opti-
mized with other model parameters. To ensure non-negativity and unit summa-
tion, the Softmax function is applied to the relevance scores. The global predic-
tion is also supervised with the MAE loss:

Lglobal = |∆t̂−∆t|. (5)

The final objective is a weighted sum of the registration loss, smoothness loss,
local prediction loss, and global prediction loss: L = 1.0 ∗ Lreg + 0.01 ∗ Lsmo +
1.0 ∗ Llocal + 1.0 ∗ Lglobal.

3 Experiments

Datasets and participants. Longitudinal T1-weighted MRI scans were col-
lected from three cohorts: the Alzheimer’s Disease Neuroimaging Initiative (AD-
NI) [16], Open Access Series of Imaging Studies (OASIS-3) [10], and Australian
Imaging Biomarkers and Lifestyle Study of Aging (AIBL) [6]. A total of 3915
imaging sessions from 1001 cognitively unimpaired (CU) subjects were used to
train the proposed framework. Each subject had at least two sessions, and all
sessions had valid age and diagnosis information. A subject was defined as CU
if all of their sessions were consistently labeled as cognitively unimpaired. For
each subject, all possible image pairs were constructed with chronological age
differences ranging from 1 to 16 years. The ADNI and OASIS-3 cohorts were ran-
domly split at the subject level into training (3087 sessions from 795 subjects,
5539 image pairs), validation (343 sessions from 94 subjects, 544 image pairs),
and internal test sets (485 sessions from 112 subjects, 1091 image pairs). The
AIBL cohort was used as an independent external test set (502 sessions from
155 subjects, 657 image pairs) to evaluate model generalizability. Subject-level
splitting was performed to ensure that images from the same subject did not
appear in multiple data partitions. A summary of the dataset is provided in
Table 1.

MRI preprocessing. All MRIs were preprocessed using standardized steps,
including bias field correction [21] and affine registration to align each image to
MNI space [1] defined by the ICBM 2009c nonlinear symmetric template [7].
To reduce computational burden, the processed images were cropped to remove
background, resulting in an image resolution of 176× 192× 176.



6 Y. Zhang et al.

Table 2. Performance comparison with existing methods and ablation models. Evalu-
ation metrics include mean absolute error (MAE), root mean squared error (RMSE),
and coefficient of determination (R2). Best performance is highlighted in bold.

Methods Longitudinal Internal Test External Test
MAE ↓ RMSE ↓ R2 ↑ MAE ↓ RMSE ↓ R2 ↑

SFCN [15] ✗ 2.35 3.21 0.26 1.41 1.79 0.26
LM [22] ✓ 1.47 2.03 0.58 0.96 1.30 0.32
LILAC [9] ✓ 1.66 2.77 0.36 0.96 1.29 0.51
Ours (w/o morphological changes) ✓ 1.25 1.81 0.60 0.83 1.11 0.50
Ours (w/o local predictions) ✓ 1.33 1.77 0.58 0.87 1.23 0.56
Ours ✓ 1.13 1.59 0.68 0.70 0.94 0.60

Implementation details. We adopted the U-Net architecture from [17]. The
local regressors were implemented using a lightweight CNN backbone [15]. Model
training was performed using the Adam optimizer with a learning rate of 10−3

and a batch size of 8. The framework was trained for 100 epochs, requiring
approximately 40 hours on an NVIDIA A40 GPU. To balance predictive perfor-
mance and computational efficiency, the Jacobian determinant map was parti-
tioned into 4× 4× 4 = 64 non-overlapping patches.

Comparison with existing methods and ablation experiments. We com-
pared the proposed method with: (1) SFCN [15], a widely used cross-sectional
brain age prediction model, with the age differences computed as the difference
between two individual predictions; (2) LM [22], which estimates age differences
from voxel-level differences between paired scans; and (3) LILAC [9], which pre-
dicts age differences using feature-level differences between paired scans. In ad-
dition, two ablated versions of our framework were evaluated: (4) a variant that
replaces the Jacobian determinant map with raw image differences while retain-
ing the local prediction module (w/o morphological changes); and (5) a variant
that performs global prediction only using the Jacobian determinant map with-
out the local prediction module (w/o local prediction).

As shown in Table 2, longitudinal methods (LM, LILAC, and ours) substan-
tially outperformed the cross-sectional approach (SFCN). Incorporating mor-
phological information to predict temporal changes (Ours w/o local predictions)
consistently improved performance on both internal and external test sets. Sim-
ilarly, accounting for spatial heterogeneity via local predictions (Ours w/o mor-
phological changes) also led to consistent gains. Integrating both components in
the full framework further enhanced performance.

Effects of patch size. We evaluated the impact of patch size on model perfor-
mance using three partition settings: 2 × 2 × 2 patches, 4 × 4 × 4 patches, and
6× 6× 6 patches, where the Jacobian determinant map is evenly divided along
the three spatial dimensions. Smaller patch sizes generally provide finer-grained
interpretability. However, experimental results (Table 3) show that excessively
increasing the number of patches may degrade performance, likely due to the
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Table 3. Effects of patch size on prediction performance. The Jacobian determinant
map is evenly divided along the three spatial dimensions into a specified number of
patches. Best performance is highlighted in bold.

Number of Patches Internal Test External Test
MAE ↓ RMSE ↓ R2 ↑ MAE ↓ RMSE ↓ R2 ↑

2× 2× 2 1.10 1.46 0.65 0.86 1.10 0.57
4× 4× 4 1.13 1.59 0.68 0.70 0.94 0.60
6× 6× 6 1.31 1.97 0.51 0.73 0.99 0.57
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Fig. 3. Trends of brain aging speed and brain age delta across progression and non-
progression groups. Subjects are stratified into age bins, and average values are com-
puted within each bin. Colors denote different groups. Sample sizes for each group and
age bin are shown, along with Wilcoxon rank-sum test results comparing progression
and non-progression groups. Asterisks indicate p < 0.05.

increased model complexity as each patch is associated with an independent
local regressor. To balance interpretability, predictive performance, and compu-
tational efficiency, we select 4×4×4 patch partitions for subsequent experiments.

Aging speed in disease populations. To validate the proposed method for
modeling aging dynamics and detecting abnormal aging patterns, we applied the
trained model to diagnostic transition groups defined by changes in diagnosis
between the first and last visits, including two non-progression groups (CU-to-
CU, MCI-to-MCI), and two progression groups (CU-to-MCI, MCI-to-AD).

Aging speed was computed as ∆t̂/(t2 − t1), and the age-related trend in av-
erage aging speed is shown in Fig. 3(a). For comparison, brain age delta was
derived from SFCN predictions as a cross-sectional biomarker and is shown in
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Fig. 4. Visualization of learned patch relevance scores. (a) Distribution of patch rele-
vance scores, where the x-axis represents patch indices and the y-axis represents rele-
vance score values. (b) Brain region visualization obtained by projecting patch relevance
scores onto the ICBM 2009 atlas. When a brain region overlaps with multiple patches,
the regional score is computed as the average score of the overlapping patches.

Fig. 3(b). The non-progression groups (CU-to-CU and MCI-to-MCI) exhibited
relatively constant aging speeds close to 1.0, suggesting stable aging dynamics.
In contrast, the progression groups (CU-to-MCI and MCI-to-AD) showed higher
aging speeds, indicating accelerated aging. For brain age delta, the CU-to-CU
group had values centered around 0, whereas other groups involving cognitively
impaired or diseased subjects showed consistently positive values. We further ob-
served significant Spearman correlations between brain aging speed and longitu-
dinal cognitive changes in MMSE (r = −0.23), CDR (r = 0.28), FAQ (r = 0.24),
and ADAS13 (r = 0.23), with all p < 0.001.

Together, these results suggest that the proposed aging speed measure and
conventional brain age delta capture complementary aspects of brain aging.
Brain age delta appears to reflect cumulative brain abnormality or disease-
related deviation at a given visit, as shown by consistently positive values in
impaired or progressing groups. In contrast, aging speed explicitly captures the
rate of longitudinal changes and is therefore more directly related to ongoing
disease progression.

Region contributions. We visualized the learned patch relevance scores and
projected them onto the ICBM 2009 brain atlas to improve interpretability, as
shown in Fig. 4. The model learned sparse relevance patterns without explicit
sparsity regularization, suggesting that only a subset of regions contributed sub-
stantially to aging speed prediction. In particular, subcortical regions showed
relatively high relevance scores, indicating that they may play an important role
in modeling longitudinal aging dynamics.

4 Discussion and Conclusions

In this paper, we proposed a morphology-driven framework for estimating brain
aging speed from longitudinal MRI scans. Unlike conventional brain age mod-
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els that rely on cross-sectional and intensity-based representations, our method
leverages diffeomorphic image registration to capture anatomical deformation
patterns and uses Jacobian determinant maps to characterize voxel-wise mor-
phological changes. By further incorporating a patch-wise regression strategy, the
proposed framework jointly models local and global aging dynamics, improving
predictive performance while providing interpretability regarding regional con-
tributions. Experimental results on large-scale longitudinal datasets demonstrate
that the proposed approach outperforms existing cross-sectional and longitudinal
methods in accuracy and can identify abnormal aging patterns in populations
with cognitive impairment.

Nevertheless, several limitations should be acknowledged. The proposed frame-
work does not explicitly account for potential confounding factors such as age
and sex, which may limit its ability to fully characterize the complex and nonlin-
ear dynamics of brain aging. Future work will focus on developing more flexible
modeling strategies that jointly account for these confounders to improve the
accuracy, robustness, and generalizability of aging speed estimation.
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