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Abstract. Longitudinal brain Magnetic Resonance Imaging (MRI) en-
ables direct observation of within-subject structural change, helping dis-
entangle aging-related trajectories from inter-individual anatomical vari-
ation. Recent self-supervised methods have shown that encoding such
longitudinal change yields representations useful for brain age predic-
tion and disease detection. These methods, however, learn directly from
volumetric images rather than from brain network representations, over-
looking inter-regional connectivity patterns. Graph-based approaches, on
the other hand, model brain networks but typically at a single parcella-
tion level, using cross-sectional data, without distinguishing normal ag-
ing from pathological change. We therefore propose HiLoGraph, a self-
supervised framework that encodes multi-scale brain networks derived
from morphological features and structural connectivity into a shared la-
tent space, where longitudinal constraints enforce temporal consistency
across within-subject visits. Trained exclusively on healthy subjects, the
learned latent space serves as a normative reference from which subject-
level deviations can be quantified for downstream disease detection. Eval-
uated on 1,373 healthy subjects from the Aging Adult Brain Connec-
tome (AABC) dataset and an independent clinical cohort of 156 sub-
jects, HiLoGraph achieves an AUC of 0.769 for three-class classification
of cognitively normal (CN), Alzheimer’s disease (AD), and Lewy body
dementia (LBD), and 0.731 for AD vs. LBD, outperforming single-scale
and non-longitudinal ablations. Code is available at https://github.
com/tongchen2010/hilograph.

Keywords: Brain Aging · Hierarchical Representation Learning · Normative
Modeling · Lewy Body Dementia

1 Introduction

The human brain undergoes continuous structural change throughout aging, in-
cluding progressive cortical thinning, regional volume loss, and alterations in
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white-matter connectivity [22,25]. Although these changes vary substantially
across individuals, they still follow broadly consistent population-level trajecto-
ries [3]. Learning meaningful representations of these normative aging patterns
from healthy populations is therefore clinically valuable. Deviations from the
expected course of healthy aging have been linked to cognitive decline, greater
disease severity, and increased risk of conversion to dementia [8,15]. In this sense,
representations of healthy aging provide a principled reference for identifying
pathological change at the individual level, even without disease-specific labels
during training [17,23].

Normative modeling builds a reference of healthy brain variation and detects
pathology as a deviation from this reference [17]. Classical normative models
typically fit each voxel or region independently using Gaussian Process regres-
sion [18] or hierarchical Bayesian regression [14], scaling to large populations
without leveraging the brain’s network structure. In parallel, graph neural net-
works have been applied to brain network analysis [16,13], representing the brain
as a connectome and preserving inter-regional relationships that independent
normative models overlook. Chen et al. [7] further extended this direction by
integrating coarse atlas-level and fine-grained 3-hinge gyri (3HG) [5] morpho-
logical features, demonstrating that multi-scale fusion improves differentiation
between AD and LBD. However, all the above methods learn from cross-sectional
data and do not capture within-subject longitudinal change. Longitudinal self-
supervised methods, such as Longitudinally-consistent Self-Organized Represen-
tation (LSOR) [19], Longitudinal Neighbourhood Embedding (LNE) [20], and
Longitudinal Self-Supervised Learning (LSSL) [27] exploit within-subject re-
peated MRI data to capture genuine individual change, but operate on volu-
metric MRI rather than brain network representations and are often trained on
mixed healthy and diseased cohorts, which can entangle disease-related variance
with normative aging patterns. To our knowledge, no existing method jointly ad-
dresses multi-scale brain network encoding, longitudinal learning, and training
on purely healthy data.

We propose HiLoGraph, a self-supervised framework that learns hierarchical
brain network representations from longitudinal healthy data, jointly addressing
the limitations of prior work. Specifically, our framework constructs two graphs
to represent the subjects: an atlas-level region of interest (ROI) graph and a
fine-grained landmarks-based graph (3HG) [5], each defined by morphological
node features and structural connectivity (SC). The model consists of two com-
ponents: a hierarchical graph encoder that fuses the two scales into a shared
latent space through cross-scale message passing, and a top-down decoder that
reconstructs ROI-level features from this latent space to enforce cross-scale con-
sistency. For subjects with repeated visits, a trajectory smoothness loss and a
contrastive ordering loss constrain within-subject latent trajectories to reflect
genuine aging change. The resulting latent space, learned entirely from healthy
subjects, provides a healthy reference representation from which subject-specific
deviation features can be derived for downstream clinical analysis without re-
training. We evaluate HiLoGraph on 1,373 healthy subjects from AABC [4] and
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an in-house clinical cohort of 156 subjects for downstream disease classification.
HiLoGraph achieves an AUC of 0.769 for three-class classification of CN, AD,
and LBD, outperforming single-scale and non-longitudinal variants (permutation
test p<0.002).
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Fig. 1. Overview of our proposed framework. (a) Multi-scale brain graph construction:
3HG-based graph, G3HG, and an atlas-based graph, GROI , constructed with morpho-
logical features and SC. (b) Model Architecture: the multi-scale graphs encoded with
Hierarchical graph encoder E, and projected to a shared latent space z using the
reparameterization trick, then reconstructed through top-down GCN-FiLM decoders.
Longitudinal losses Lcontrast and Lsmooth enforce temporal consistency for subjects with
two or more visits.

2 Materials and Method

2.1 Datasets and Preprocessing

Datasets. We used two datasets in this study. AABC Release 2, an extension of
HCP-Aging [4], served as the normative training set. After quality control, 2,726
paired T1-weighted structural MRI and diffusion MRI data from 1,373 healthy
adults (age 36–90 years; 1–4 visits per subject) were used. For downstream eval-
uation, we used a separate clinical cohort of 156 subjects with single-timepoint
T1-weighted structural MRI and diffusion MRI, obtained from the University of
Cambridge, with a subset from the Multimodal Imaging in Lewy Body Disorders
(MILOS) project. The cohort included CN (n=20), AD spectrum (n=56), and
LBD spectrum (n=80).
Preprocessing. The AABC dataset was released pre-processed following the
HCP minimal preprocessing pipeline [11]. For the clinical cohort, T1-weighted
images were denoised and bias-field-corrected [24], and cortical surfaces were
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reconstructed with FreeSurfer [10] and resampled to 163,842 vertices per hemi-
sphere. Diffusion MRI data were denoised and corrected for susceptibility dis-
tortions [1] and eddy currents [2] using FSL [12]. Diffusion and T1 volumes were
then co-registered, and whole-brain deterministic tractography was performed
with DSI Studio [26].

2.2 Model Architecture

An overview of the proposed framework is shown in Fig. 1. From each subject’s
T1 and diffusion MRI, we construct two graphs: a fine-grained 3HG graph and a
coarse ROI graph. A hierarchical graph encoder fuses the two brain networks into
a shared VAE latent space, and a top-down decoder reconstructs node features
from coarse to fine, enforcing cross-scale consistency. For subjects with repeated
visits, longitudinal losses constrain within-subject latent trajectories.
Graph construction. From each subject’s T1 and diffusion MRI, we construct
two graphs. For the landmark-based graph, 3HG landmarks are extracted on
the white matter surface using the automated pipeline described in [5,6], with
morphometric features computed from a 4-ring vertex neighbourhood around
each landmark. The 3HG graph G3HG=(X3HG,A3HG) has ∼400 nodes, where
X3HG∈RN×5 contains five cortical morphometric features (thickness, average
convexity, mean curvature, surface area, volume) and A3HG is SC with edge
weights defined as log-normalised fiber counts from diffusion tractography. For
the ROI graph GROI=(XROI,AROI), the Destrieux atlas parcellation [9] from
FreeSurfer was used and there are 148 nodes with the same morphometric fea-
tures averaged within each parcel and ROI-level SC. A binary membership ma-
trix M∈{0, 1}N×148 assigns each 3HG node to its enclosing ROI.
Hierarchical graph encoder. A 3-layer GCN encodes the 3HG graph into
node embeddings H3HG ∈ RN×d. These are pooled to ROI resolution via the
membership matrix:

Hpool = D−1M⊤H3HG ∈ R148×d (1)

where D = diag(M⊤) counts the number of 3HG nodes assigned to each ROI,
and each row is divided by the number of assigned 3HG nodes. A 2-layer GCN
independently encodes the ROI graph: HROI=GCNROI(XROI,AROI)∈R148×d.
The pooled 3HG embeddings are concatenated with their corresponding ROI
embeddings, mean-pooled across nodes, and passed through a multilayer per-
ceptron (MLP) to produce the VAE parameters:

µ, logσ2 = MLP
(
h̄
)
, z = µ+ ϵ⊙ σ, ϵ ∼ N (0, I) (2)

where h̄ = 1
148

∑
i[Hpool,i;HROI,i] is the mean-pooled concatenated representa-

tion.
Top-down GCN-FiLM decoders. The decoder reconstructs node features in
a coarse-to-fine manner. First, the latent z is broadcast to all 148 ROI nodes,
concatenated with learnable node-identity embeddings, and decoded by a GCN
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with FiLM [21] conditioning to produce X̂ROI ∈ R148×5. For 3HG decoding,
each 3HG node receives its parent ROI’s decoded features via the membership
matrix, P = MX̂ROI ∈ RN×5. This prior is concatenated with the broadcast z
and decoded by a second GCN-FiLM to produce X̂3HG ∈ RN×5.

2.3 Training Objective

The training objective comprises three groups of losses: reconstruction, longitu-
dinal, and age prediction.
Reconstruction. LROI = MSE(X̂ROI,XROI) and L3HG = MSE(X̂3HG,X3HG)
supervise the ROI and 3HG decoders respectively. LKL = DKL(q(z|x)∥p(z)) is
the standard VAE prior, where q(z|x) = N (µ, diag(σ2)) and p(z) = N (0, I).
Longitudinal constraints. For subject i observed at ages a1<a2 with embed-
dings zi,1, zi,2, a smoothness loss penalizes large changes in the latent space
between visits:

Lsmooth =
1

|P|
∑

(i,a1,a2)∈P

∥∥∥∥zi,2 − zi,1

a2 − a1

∥∥∥∥2 (3)

where P is the set of within-subject visit pairs. A contrastive loss pulls same-
subject visits closer than different-subject visits, where sim(·, ·) denotes cosine
similarity and τ is a temperature parameter:

Lcontrast = − 1

|P|
∑

(i,j)∈P

log
exp(sim(zi, zj)/τ)∑
k ̸=i exp(sim(zi, zk)/τ)

(4)

These losses are computed only for subjects with at least two visits; single-visit
subjects contribute to the reconstruction and KL terms only.
Age prediction. Lage = MSE(fage(z), a), where fage is a two-layer MLP that
predicts chronological age from the latent vector z. This auxiliary loss encourages
age-related information to be encoded in the latent space.
Total loss. The overall objective function is:

L = λrLROI + λfL3HG + λKLLKL + λsLsmooth + λtLcontrast + λaLage. (5)

3 Experiments and Results

3.1 Experiments

Implementation details. The 3HG encoder consists of three GCN layers and
the ROI encoder of two GCN layers, both with hidden dimension d=64, while
the VAE bottleneck produces a 64-dimensional latent vector. Both the ROI and
3HG decoders use three GCN-FiLM [21] layers and 32-dimensional node identity
embeddings. We train with Adam at learning rate 10−3 and weight decay 10−5

for 100 epochs with early stopping (patience 20), using 5-fold subject-level cross-
validation. Loss weights were selected via grid search on a held-out validation set:
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Fig. 2. Latent-space analysis of the full model. (a) t-SNE of AABC healthy latent
codes coloured by age. (b) External clinical cohort projected into the same space (CN:
green, AD: orange, LBD: red). (c) Mahalanobis deviation DM by diagnostic group.
(d) Within-subject latent velocity with and without temporal loss.

Table 1. Classification on the LBD dataset using deviation features d. Logistic regres-
sion with balanced class weights and repeated 5-fold stratified cross-validation.

3-class AD vs CN AD vs LBD CN vs LBD

Model AUCovr↑ BAcc↑ AUC↑ AUC↑ AUC↑

Baselines
MLP .732± .022 .566± .036 .840± .021 .679± .031 .848± .032
GCN .689± .019 .510± .033 .805± .035 .637± .038 .807± .022
GAT .725± .018 .547± .028 .805± .048 .674± .027 .820± .031
LNE [20] .717± .027 .531± .036 .786± .027 .676± .021 .809± .031
LSSL [27] .758± .013 .586± .017 .837± .031 .731± .020 .849± .006

Ablations
3HG-only .739± .015 .565± .017 .796± .047 .703± .031 .847± .014
ROI-only .696± .047 .517± .067 .781± .021 .644± .059 .816± .020
Ours w/o long .689± .025 .506± .034 .794± .041 .644± .025 .785± .030

Ours .769± .028 .598± .031 .844± .033 .731± .047 .854± .021

λr=1, λf=0.1, λKL=0.01, λs=0.5, λt=0.1, λa=0.1, with contrastive temperature
τ=0.07.
Baselines. All baselines use the same training and evaluation protocol, with only
the encoder architecture or input varied. MLP replaces graph message passing
with an MLP applied to node features followed by mean pooling, thereby dis-
carding graph structure. GCN and GAT use a 3-layer encoder on the 3HG graph,
differing only in the message-passing operator. Two single-scale ablations isolate
each branch of the hierarchy: 3HG-only removes the ROI encoder, whereas ROI-
only removes the 3HG encoder. Finally, w/o long (in Table 1) and w/o temporal
(in Fig. 3 and Fig. 2) use the full architecture but remove Lsmooth and Lcontrast,
isolating the contribution of the longitudinal constraints.
Normative deviation. After training, the encoder is frozen. Following [23], we
fit age- and sex-conditioned baselines (µk(a, s), σk(a, s)) on the healthy training
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Fig. 3. t-SNE of AABC healthy latent codes coloured by age across four model variants
(rows) and five cross-validation folds (columns). A smooth colour gradient indicates a
well-organized aging manifold.

Table 2. Feature ablation on our full model. Deviation features consistently outperform
raw latent codes.

3-class AD vs CN AD vs LBD CN vs LBD

Feature AUCovr BAcc AUC AUC AUC

Raw z .684± .047 .493± .053 .726± .044 .673± .042 .782± .055
Deviation d .769± .028 .598± .031 .844± .033 .731± .047 .854± .021
Combined [z;d] .767± .041 .578± .046 .856± .035 .734± .050 .854± .025

latent space using robust quadratic regression. Subject-specific deviation scores
dk=(zk−µk)/σk serve as features for a downstream logistic regression classifier.

3.2 Results

Latent space captures aging and disease structure. The learned latent
space shows a clear age gradient across the healthy AABC cohort (Fig. 2a),
shaped by the auxiliary age-prediction loss and longitudinal constraints. When
the LBD dataset is projected into this normative space without fine-tuning
(Fig. 2b), CN subjects largely overlap with the healthy distribution, whereas
AD and LBD subjects are shifted toward older apparent brain age. Age-adjusted
Mahalanobis deviation scores reveal a significant group effect (Kruskal–Wallis
p=7.5×10−4; Fig. 2c), with LBD and AD patients showing greater deviation
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from healthy norms than CN subjects, despite the encoder being trained exclu-
sively on healthy data.
Latent space organization across ablations. Fig. 3 shows t-SNE projections
of the healthy AABC latent space across all five folds for four model variants.
Only the full model consistently produces a smooth age gradient in every fold.
The 3HG-only ablation captures age structure in most folds but fragments in
fold 0, while removing longitudinal constraints disrupts age ordering in two of
five folds. The ROI-only ablation fails to recover any age structure, indicating
that the fine-grained 3HG graph carries the primary aging information. These
results suggest that both hierarchical fusion and longitudinal constraints are
necessary to reliably encode aging in the latent space.
Classification results. Table 1 reports results on the external LBD cohort.
Our full model achieves a 3-class AUC of 0.769, with binary classification AUCs
of 0.844 for AD vs. CN, 0.854 for CN vs. LBD, and 0.731 for AD vs. LBD.
The classification between AD and LBD is the most challenging, as both groups
exhibit neurodegeneration and the model must distinguish the pattern rather
than the presence of deviation. Removing the longitudinal constraints degrades
AUC from 0.769 to 0.689 for 3-class classification and from 0.731 to 0.644 for
AD vs. LBD, confirming that learning smoother healthy aging trajectories im-
proves downstream neurodegenerative disease classification. Incorporating longi-
tudinal constraints also yields significantly smoother within-subject trajectories
(p<0.001, Mann-Whitney U , Fig. 2d). The hierarchical encoder outperforms the
single-scale GCN by 0.094 AUC on AD vs. LBD.
Effect of normative deviation. Table 2 compares raw latent vectors z, nor-
mative deviations d, and their concatenations. Deviation features improve the
3-class AUC by 0.085 over raw vectors, with the largest improvement observed
on AD vs. CN by 0.118, where age-corrected deviation clearly separates patho-
logical decline from normal aging. Concatenations [z;d] provide little additional
benefit, indicating that the deviations capture most of the disease-relevant pat-
tern.
Statistical significance. A permutation test (1,000 label shuffles) confirms that
the full model significantly exceeds chance (empirical p<0.002 in every fold; null
AUC 0.500± 0.051).

4 Conclusion

We presented HiLoGraph, a framework that learns brain network representa-
tions exclusively from healthy longitudinal data. Multi-scale fusion and longitu-
dinal constraints each contribute meaningfully, jointly achieving AUC 0.769 (CN
vs. AD vs. LBD) and 0.731 (AD vs. LBD) on an independent clinical cohort.
These results are achieved using a frozen encoder without any disease-specific
fine-tuning, suggesting that structurally rich representations of healthy aging
can serve as a general-purpose foundation for detecting diverse neurodegenera-
tive conditions. The current evaluation is limited by the modest clinical cohort
and the absence of explicit cross-site harmonization. Future work will address
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these through larger multi-site validation with harmonization, region-level inter-
pretability, and incorporation of functional connectivity.
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