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Abstract

Machine learning can unravel heterogeneous patterns of brain aging and neurodegeneration, but
existing methods offer limited insights into disease progression due to reliance on cross-sectional
data. We introduce Coupled Cross-sectional and Longitudinal Non-negative Matrix Factorization
(CCL-NMF) to capture dominant brain aging patterns by simultaneously leveraging cross-
sectional and longitudinal neuroimaging data. CCL-NMF allows individuals to co-express multiple
patterns, capturing mixed neuropathologic processes. Applied to neuroimaging data from 48,949
individuals from the harmonized iISTAGING study, CCL-NMF identifies seven distinct,
reproducible, and biologically relevant neuroanatomical patterns. Subject-specific loading
coefficients quantifying the individual expression of these patterns show distinct associations with
cognition, genetic, and lifestyle factors. To support broader application, a regression-based tool
was developed to estimate loadings in external cohorts without rerunning the full framework. By
enabling individualized estimation of distinct brain aging patterns, these findings may improve risk
assessment and therapeutic evaluation in neurodegenerative diseases. Although demonstrated
using structural MRI, this framework is generalizable to other imaging modalities and biomarker

types.

Introduction

Advances in machine learning (ML) and large-scale neuroimaging have enabled the extraction of
informative biomarkers from cross-sectional (magnetic resonance imaging) MRI data, offering



valuable insights into brain aging and disease!?. However, the heterogeneous and dynamic
nature of brain changes in aging and neurodegeneration necessitates models that move beyond
static, case-control frameworks. Integrating longitudinal data is essential to capture temporal
progression and individual-specific trajectories. Previous approaches, such as Bayesian Latent
Dirichlet Allocation® and SuStaln (Subtype and Stage Inference)* have modeled latent atrophy
patterns and disease stages from cross-sectional data but rely on discretization of continuous
voxel data, predefined subtypes, and limited spatial resolution, potentially reducing sensitivity and
oversimplifying disease complexity. Furthermore, both methods rely on cross-sectional data that
limit their ability to capture individual-specific atrophy progression over time, and they parse
heterogeneity directly in the patient domain, where disease-irrelevant confounding variability—
such as neurodevelopmental differences—may obscure disease-relevant patterns. Weakly-
supervised clustering techniques®®’ address confounding by contrasting reference and target
groups but often extract categorical subtype memberships, limiting their ability to capture the
continuous and overlapping nature of brain aging. Recently, Surreal-GAN®?°, a weakly-supervised,
deep-representation learning method based on generative adversarial networks (GAN), has
improved upon this by learning continuous low-dimensional representations (R-indices) of
neuroimaging patterns; however, like prior models, it does not incorporate temporal information
and therefore cannot capture dynamic progression.

In recent years, non-negative matrix factorization (NMF%11), a data-driven approach in which a
non-negative matrix is decomposed into two lower-rank non-negative matrices, has gained
prominence as a robust technique for analyzing high-dimensional data across several fields,
including text mining'23, speech processing'#'5, and neuroimaging®1"¢, NMF breaks complex
data into additive building blocks, so that each observation can be expressed as a weighted
combination of these parts. When applied to neuroimaging, these parts correspond to sparse,
part-based representations that capture regions co-varying across individuals, aligning with
established structural and functional networks. The decomposition simultaneously performs soft
clustering and dimensionality reduction, providing an interpretable framework for uncovering
hidden structure in large datasets. By capturing systematic covariation across individuals using
cross-sectional data, NMF also enables the modeling of complex brain changes associated with
development, aging, and disease. Despite these advances, the potential of NMF to capture
patterns of pathological brain changes through the integration of longitudinal data remains largely
untapped.

In this study, we introduce a methodology called Coupled Cross-sectional and Longitudinal NMF
(CCL-NMF), which aims to identify distinct components that capture heterogeneous patterns of
brain changes simultaneously from cross-sectional and longitudinal data through a joint
optimization formulation. Building upon the methodological foundation of our preliminary model*®,
we applied this approach to a large, diverse, harmonized cohort of 48,949 individuals from 12
neuroimaging studies across three continents.

Large cross-sectional datasets are widely available and enable the characterization of cumulative
brain changes associated with aging and disease. However, they are limited by idiosyncratic
effects and the absence of individualized baselines, necessitating population-level inferences. In
contrast, longitudinal data offer a subject-specific view of neurobiological trajectories but remain
comparatively scarce. To leverage the complementary strengths of both data types, CCL-NMF



employs a mutually constrained NMF framework that jointly factorizes cross-sectional and
longitudinal inputs, each with different sample sizes, to extract shared components reflecting
distinct patterns of brain alteration. Unlike models that impose rigid subtype membership, CCL-
NMF allows individuals to co-express multiple components to varying degrees, a feature critical
for capturing co-existing pathologies.

The proposed methodology is formulated in a general framework, enabling its application to
heterogeneity analyses of any disease characterized by monotonic brain alterations (e.g., gradual
brain atrophy or white matter hyperintensity (WMH) accumulation as measured by MRI or
increasing deposition of neuropathologies such as amyloid and tau as measured by positron
emission tomography). Here, we focus on applying this technique to study the heterogeneity of
aging-related gray matter (GM) atrophy using regional volumes derived from T1-weighted (T1-w)
MRI. First, we validate CCL-NMF on semi-synthetic data with predefined (ground truth) atrophy
patterns and severity levels. Then, we apply it to a diverse, multi-cohort aging population, where
it identifies seven dominant components of brain atrophy that are consistent cross-sectionally and
longitudinally. The identified components correlate with Alzheimer’s disease (AD) biomarkers,
cognitive function, cardiovascular disease (CVD)-related factors, and cognitive decline,
demonstrating the method’s ability to disentangle aging- and disease-related neurodegenerative
processes.

The present study improves our understanding of brain aging heterogeneity in several respects.
First, it introduces an ML methodology for integrating cross-sectional and longitudinal
neuroimaging measurements within a unified framework, capitalizing on the advantages of each
data type. Second, when applied to a large multi-cohort dataset, it reveals key aging- and disease-
related trajectories by capturing seven reproducible and clinically relevant brain atrophy patterns.
Comparisons with another state-of-the-art deep learning (DL) model demonstrate that the CCL-
NMF components provide improved predictive performance for biomarkers and clinical variables,
including amyloid, tau, cognitive decline, hypertension, obesity, and Apolipoprotein E (APOE)
status, as well as for disease progression, thereby refining our grasp of brain aging pathways.
Finally, the study offers a practical approach for researchers to quantify the expression of these
seven brain atrophy patterns in their datasets through simplified, readily applicable models.



Results

An overview of the CCL-NMF framework is shown in Fig. 1, illustrating its application to structural
MRI data to identify components capturing patterns of GM atrophy. The model jointly factorizes
two complementary sources of brain imaging data: the C-map, which captures cross-sectional
deviations of the aging population from a middle-aged reference group, and the L-map, which
encodes individualized atrophy rates estimated from longitudinal measurements. This coupled
decomposition yields a shared set of latent components (dictionary) representing distinct brain
atrophy patterns and assigns separate subject-specific loading coefficients for each data type.
Full methodological details, including map estimation and the joint NMF formulation, are provided
in the Methods. Although generalizable to any condition involving monotonic brain alterations, the
framework is here demonstrated in the context of aging-related GM atrophy. The biological and
predictive utility of the CCL-NMF representation is also summarized in Fig. 1. Note that the figure
does not depict the semi-synthetic validation experiments, which are described below.

Throughout this study, components denote the latent spatial factors identified by CCL-NMF,
patterns refer to the neuroanatomical brain-change configurations captured by these
components, and trajectories denote subject-specific longitudinal atrophy patterns.

Model validation using semi-synthetic dataset

Volumes of 119 predefined GM regions of interest (ROIs) (Supplementary Table 1) were used as
input features in all analyses. Method validation was first performed using semi-synthetic data
with known ground truth. This dataset was generated by simulating five distinct atrophy patterns
on ROI volumes (Supplementary Table 2) derived from a cohort of cognitively normal (CN)
individuals. A normative model was trained on the original ROI values of 903 CN individuals (S1syn,
the reference population) and applied to 3,614 individuals with simulated atrophy (S2syn, the target
population) to estimate cross-sectional deviations. From this group, the 1,365 individuals showing
the largest deviations (S3syn) were selected to construct the C-map. A subset of 300 individuals
from S3syn with simulated longitudinal measurements was used to construct the L-map, simulating
the common scenario in which only a subset of participants has longitudinal data. Details of the
semi-synthetic data generation and experimental setup are provided in the Methods. The
alignment between the estimated patterns and the ground truth was evaluated across three NMF
models (Fig. 2):

1) C-NMF: NMF model using solely the C-map (number of subjects in C-map N¢=1,365; synthetic
mean age 77.11+11.31 years, 38.24% females, patterns: frontal: 319 (23%), occipital: 228 (17%),
parietal: 239 (18%), subcortical: 307 (22%), temporal: 272 (20%)).

2) L-NMF: NMF model using solely the L-map (number of subjects in L-map N.=300; synthetic
mean baseline age 76.82+10.92 years, 40% females, patterns: frontal: 83 (28%), occipital: 49
(16%), parietal: 50 (17%), subcortical: 54 (18%), temporal: 64 (21%)).

3) CCL-NMF: NMF model using both C-map (Nc¢=1,365) and L-map (N.=300).



The joint NMF model using C-map and L-map together can identify the simulated patterns with
higher accuracy (Fig. 2). The norm of the divergence matrix, which quantifies overall
disagreement between predicted and simulated ground truth patterns, was smaller for the joint
model (n=1.39) compared to the model using the C-map (n=1.67) or the L-map (n=1.43)
individually. While longitudinal data provide a more direct measure of brain change, their limited
availability necessitates balancing their influence relative to cross-sectional data. Weighting the
contributions of the two data types according to their sample size ratio yielded optimal
performance (Supplementary Fig. 1). This weighting is controlled by a coefficient, a, which
accounts for the unequal sample sizes between cross-sectional and longitudinal data in the joint
decomposition (see Methods, Eg. (5)).

Application of CCL-NMF to the iISTAGING dataset

Having validated the model on semi-synthetic data, we next applied CCL-NMF to real-world
neuroimaging data from the ISTAGING (imaging-based coordinate SysTem for AGIng and
NeurodeGenerative diseases)®2%2! consortium to evaluate its biological relevance and practical
utility. To mirror the structure used in the semi-synthetic experiments, analogous notation was
adopted in the real-world setting: Sl..a denotes the reference population, S2.a the full target
aging population, and S3ea the high-deviation subset used to construct the C-map. A normative
model was trained on 119 GM ROI volumes from 977 CN, middle-aged individuals (Slra) and
applied to a target population of 48,949 individuals aged 50 years and older (S2a). From this
cohort, 13,950 individuals exhibiting the most pronounced deviations from the normative model
(S3rea)) Were selected to construct the C-map. A subset of 1,063 individuals within S3ea with
longitudinal MRI data was used to estimate regional atrophy rates and generate the L-map.
Demographic and clinical characteristics of the samples used to construct the C- and L-maps are
detailed in the Methods and in Supplementary Tables 3 and 4.

Validation of the C-map

Before applying the joint NMF, we first evaluated the stability and subject specificity of the derived
C-map. Because this step serves to ensure that the cross-sectional deviations provide a reliable
representation of individual anatomical variation, validation emphasized robustness and
consistency rather than conventional goodness-of-fit metrics. Specifically, the cross-sectional
deviations exhibited high within-subject consistency across longitudinal follow-up scans,
preserved subject-specific multivariate patterns of regional change over time, and remained
stable across independent normative model initializations. Permutation-based null experiments
further confirmed that this stability reflects genuine subject-level anatomical signal rather than
modeling artifacts. These results indicate that the C-map captures stable individual deviation
patterns suitable for downstream joint factorization. Full quantitative results, together with
complementary analyses evaluating diagnostic-group sensitivity of the cross-sectional deviations,
are provided in Supplementary Method 1, Supplementary Notes, and Supplementary Fig. 2.



CCL-NMF identifies seven distinct components of brain atrophy
The CCL-NMF was run with the number of components K ranging from 2 to 15. Split-half
reproducibility index!” and sparsity??> were used to determine the optimal number of components
(Fig. 3). Sparsity increased with higher K. The split-half reproducibility analysis revealed a
declining trend in reproducibility as the number of components increased, with a peak occurring
at K=3 and 7. K=7 was selected for subsequent analyses because of its higher sparsity than the
K=3 solution. Supplementary Method 2 and Supplementary Fig. 3 provide more details about the
metrics. Additional reproducibility analyses, including independent runs with different random
initializations, bootstrap resampling of subjects, and reruns of the full pipeline with independently
trained normative models, are presented in Supplementary Method 3 and Supplementary Figs.
4-6.

CCL-NMF identified seven distinct components of GM atrophy, described as:

e CCL-NMF1 captures atrophy primarily in portions of the basal ganglia (including the
putamen and caudate), as well as in the orbital gyrus, gyrus rectus, and subcallosal area.

e CCL-NMF2involves atrophy primarily in the medial temporal lobe, temporal pole, temporal
gyrus, and fusiform gyrus.

e CCL-NMF3 represents atrophy in the inferior frontal gyrus, occipital gyrus, and part of the
temporal gyrus.

o CCL-NMF4 exhibits medial frontoparietal atrophy, including the superior and middle frontal
gyri, precuneus, middle and posterior cingulate gyri, supplementary motor cortex, and
superior parietal lobule.

e CCL-NMF5 is characterized by perisylvian atrophy (insula, frontal and central opercula,
and planum polare), and by atrophy in the anterior cingulate gyrus.

o CCL-NMF6 captures atrophy primarily in the basal ganglia, including the accumbens area,
pallidum, and thalamus.

o CCL-NMF7 captures atrophy in the cerebellum and the medial occipital lobe, including the
cuneus, calcarine cortex, and lingual gyrus.

Figure 4 shows brain maps of these seven components, which exhibit sparse, orthogonal, and
bilaterally symmetrical atrophy patterns.

To assess the contribution of longitudinal data to the learned dictionary, while acknowledging its
smaller sample size relative to the cross-sectional dataset, we compared the CCL-NMF
components with those derived from separate NMF decompositions of the C-map and L-map
matrices (Supplementary Method 4). Component dictionaries were aligned using the Hungarian®®
algorithm, and similarity between corresponding components was quantified using cosine
similarity. The CCL-NMF dictionary showed stronger correspondence with the longitudinal-only
dictionary (cosine similarity: 0.84 + 0.14) than with the cross-sectional-only dictionary (cosine
similarity: 0.66 + 0.18), indicating that longitudinal information contributes substantially to the
learned patterns despite the smaller number of subjects with longitudinal measurements.



Longitudinal loadings capture progressive brain atrophy patterns
A key strength of the CCL-NMF framework lies in its integration of longitudinal data, enabling the
refinement of the derived components through the incorporation of subject-specific atrophy
trajectories. To evaluate the relevance of longitudinal loadings, rates of regional volume change
were compared between individuals with high and low loadings across components. Subjects
were randomly sampled from the top and bottom 10th percentiles of each component’s
longitudinal loading distribution. Figure 5 shows representative ROls for selected CCL-NMF
components, with fitted regression lines illustrating atrophy trajectories in individuals with low
(blue squares) and high (red circles) longitudinal loadings.

Individuals with higher loadings exhibited steeper volume decline in corresponding regions,
supporting the ability of CCL-NMF to differentiate distinct atrophy trajectories. For instance, CCL-
NMF2, which primarily captures medial temporal atrophy, corresponded to greater hippocampal
volume decline in individuals with high longitudinal loadings. Similarly, CCL-NMF5, reflecting
perisylvian atrophy, showed accelerated reduction in the insular cortex. CCL-NMF4,
characterized by medial frontoparietal atrophy, was linked to a steeper decline in precuneus
volume among individuals with higher loadings. These findings illustrate that longitudinal loadings
reflect distinct regional atrophy trajectories over time. Unlike conventional cross-sectional
approaches that infer brain aging patterns from static baseline observations, CCL-NMF integrates
dynamic trajectories, providing a more comprehensive characterization of neurodegenerative
progression.

Associations of cross-sectional loadings with cognitive, clinical,

biomarker, and disease progression measures

To assess the biological relevance of the brain atrophy components, we examined associations
between their subject-specific cross-sectional loading coefficients and a range of clinical features,
cognitive performance metrics, AD biomarkers, APOE ¢4 allele (APOE4) status, and measures
of cognitive impairment progression (Fig. 6). The components exhibited distinct profiles across
these domains. CCL-NMF2, characterized by medial temporal lobe atrophy, showed the strongest
associations with AD pathology, cognitive decline, and progression from mild cognitive
impairment (MCI) to AD. CCL-NMF5, defined by prominent perisylvian atrophy, showed strong
links to CVD-related factors, particularly obesity, and hypertension, as well as WMH. Similarly,
CCL-NMF6, defined by basal ganglia atrophy, was significantly associated with elevated WMH
and obesity.

CCL-NMF3, defined by inferior frontal, occipital, and temporal atrophy, was closely related to
advanced age and progression from CN to MCI. CCL-NMF3 also showed moderate associations
with amyloid positivity and cognitive decline (although less pronounced than those for CCL-
NMF2), and with WMH (albeit less strongly than for CCL-NMF5). This component exhibited higher
and more broadly distributed loadings across the aging population compared to the loadings of
other components (Supplementary Fig. 7), consistent with the hypothesis that it may reflect
general aging effects rather than a specific pathological process. CCL-NMF4 displayed a unique
association with tau pathology but showed no significant relationships with other AD biomarkers,



cognitive decline, or CVD-related factors. However, the small tau sample size limits definitive
conclusions. Lastly, CCL-NMF7 was not significantly associated with AD biomarkers, CVD-related
factors, or cognitive impairment progression. Among the seven components, CCL-NMF4 and
CCL-NMF7 exhibited negative associations with age. These associations indicate that the
expression of these patterns decreases with increasing age.

Comparison with Surreal-GAN

The CCL-NMF components align with, yet extend beyond, the five atrophy dimensions reported
by Yang et al.8, who applied a different methodology (Surreal-GAN, Supplementary Method 6) to
the same dataset (Supplementary Fig. 8). Key differences between these two representations are
evident in CCL-NMF6, characterized by atrophy in the accumbens area, and CCL-NMF7, defined
by atrophy in the cerebellum and medial occipital lobe. These patterns were not captured as
distinct dimensions in the Surreal-GAN representation.

To evaluate the additional information captured by the CCL-NMF representation compared to
Yang et al.'s approach, predictive models were developed using CCL-NMF loading coefficients,
Surreal-GAN R-indices, and a combination of both as predictors for various biomarkers and
clinical variables, including amyloid, tau, hypertension, obesity, and APOE4 status, and for
disease progression. As shown in Fig. 7, both R-indices and CCL-NMF loadings improved
predictive performance relative to demographic-only models, with CCL-NMF loadings consistently
providing the greatest gains across all outcomes. This suggests that the longitudinal information
embedded in CCL-NMF yields components that are more neuropathologically relevant than those
derived from the cross-sectional Surreal-GAN approach. We further validated these
improvements through formal statistical comparisons. Permutation tests across folds confirmed
consistent gains in discrimination and explained variance, though these did not reach
conventional significance thresholds. In contrast, likelihood ratio tests (LRTs) demonstrated
significant improvements in model fit when adding CCL-NMF loadings compared to
demographics-only and R-indices models across multiple outcomes (Supplementary Method 7
and Supplementary Tables 5-9). Adding R-indices to models already containing CCL-NMF
loadings provided minimal further benefit.

Estimation of CCL-NMF loadings in external datasets

Although CCL-NMF is designed for discovery and establishes components using a large,
harmonized dataset, re-deriving these components in new datasets can be computationally
intensive. This is due to the need for a suitable reference population, harmonization procedures,
and implementation of the full CCL-NMF pipeline described in the Methods. To facilitate broader
use of these brain atrophy components, we trained regression models to estimate CCL-NMF
loading coefficients directly from GM ROI volumes, age, sex, and intracranial volume (ICV?4).
Notably, these ROI inputs were not harmonized, thereby eliminating the need for reference-based



harmonization when estimating loadings in external datasets, an essential step during discovery
but often impractical in real-world applications, including single-subject scenarios.

Figure 8 illustrates the Spearman correlations between original (uppercase) and approximated
(lowercase) CCL-NMF loadings. The correlations were high, ranging from 0.8 to 0.93 for cross-
sectional and from 0.9 to 0.97 for longitudinal loadings. The cross-sectional loadings showed
slightly lower correlations (diagonal elements in Fig. 8A) than longitudinal ones (diagonal
elements in Fig. 8B). This difference likely reflects the L-map’s subject-specific trajectories, which
are less sensitive to harmonization variability. Additionally, the use of ROI volume deviations
rather than the actual ROI volumes as inputs in the CCL-NMF framework may contribute to this
discrepancy. Supplementary Fig. 9 presents the correlation matrices within original and
approximated cross-sectional and longitudinal loadings. The preservation of cross-component
correlation structure indicates that the approximated loadings not only recover individual
component expression but also retain inter-component relationships.

In addition to correlation analyses, we validated the regression-based loadings in terms of
predictive performance across multiple clinically relevant outcomes, including both binary (e.g.,
APOEA4 status, amyloid, tau, obesity, hypertension) and time-to-event (MCI-to-AD progression)
measures. Predictive accuracy and model fit were highly comparable to those obtained with the
original loadings, with no significant differences detected by permutation testing (Supplementary
Method 8 and Supplementary Tables 10-11). Finally, Supplementary Fig. 10 shows that
association tests based on approximated cross-sectional loadings replicated the results from Fig.
6, further supporting their reliability.

Together, these findings support the use of pre-trained regression models as a practical and
reliable alternative to full CCL-NMF recomputation. Loading coefficient estimation is available via
the NiChart (Neuro Imaging Chart of Al-based Imaging Biomarkers) platform
(https://cloud.neuroimagingchart.com/).

Using this regression-based estimator, we further evaluated the generalizability of the learned
CCL-NMF components in an independent AD-focused cohort (ADSP: https://adsp.niagads.org/)
under a strict out-of-sample setting; these analyses are presented in Supplementary Fig. 11.




Discussion

Brain aging is highly heterogeneous and is shaped by genetic, lifestyle, and environmental factors
that can contribute to neuropathological progression. MRI, a widely accessible imaging modality,
enables detailed assessment of macroscopic neurodegeneration such as brain atrophy and small-
vessel ischemic changes. While MRI does not directly capture specific neuropathologies, ML
techniques can identify patterns of neurodegeneration that reflect these biological
processes?>2627.28 Here, such patterns are extracted using a coupled cross-sectional and
longitudinal NMF framework (CCL-NMF) to define a succinct yet comprehensive neuroanatomical
coordinate system that captures the multidimensional variability of brain aging and disease-
related neurodegenerative processes. By integrating both cumulative cross-sectional deviations
and subject-specific longitudinal trajectories, the model captures progressive structural alterations
over time and delineates dominant atrophy patterns that underpin the neuroanatomical coordinate
space. Importantly, the framework does not assign individuals to discrete subtypes but instead
estimates continuous expression levels across multiple components, allowing for the
simultaneous representation of overlapping atrophy patterns. Although tensor-based methods
can capture more complex temporal dynamics, NMF offers a balance of interpretability,
robustness to irregular follow-up, and scalability in large, heterogeneous cohorts. Building on prior
frameworks such as SuStaln, HYDRA, CHIMERA, and Surreal-GAN, which have substantially
advanced the modeling of disease heterogeneity, CCL-NMF extends disease heterogeneity
modeling by explicitly incorporating longitudinal information at scale.

Leveraging data from the large, diverse, multi-cohort ISTAGING consortium (predominantly
cognitively normal participants) and using the CCL-NMF methodology, we mapped the
neuroanatomical heterogeneity of brain aging. Seven distinct and reproducible brain atrophy
components were identified. While alternative values of K can yield distinct but valid
decompositions, the seven-component solution was selected based on complementary criteria of
reproducibility and sparsity, and here we focus on these dominant, stable patterns. Among these,
CCL-NMF2, which primarily captured medial temporal lobe atrophy, displayed characteristics
indicative of Alzheimer's disease, such as a strong link with amyloid and tau deposition, APOE4,
cognitive decline, and clinical progression from MCI to AD, aligning with previous findings?°:30:31,
CCL-NMF3, which was strongly associated with advanced age and broadly expressed across the
aging population, exhibited moderate correlations with amyloid deposition, cognitive decline, and
WMH. These findings suggest that CCL-NMF3 may predominantly reflect aging-related effects
rather than a distinct pathological process. CCL-NMF5, marked by perisylvian atrophy,
demonstrated strong associations with CVD pathology, consistent with prior literature®. The
strength of associations varied across components and outcomes, with certain components (e.g.,
CCL-NMF2) showing robust disease-aligned relationships consistent with Alzheimer’s pathology
and progression, whereas others exhibited more graded or weaker aging-related effects,
reflecting the heterogeneous and multifactorial nature of brain aging and neurodegeneration.

CCL-NMF1, which primarily captured orbitofrontal atrophy, was associated with both obesity and
hypertension, aligning with prior studies linking the orbitofrontal cortex to food-related
behaviors3?3, Interestingly, while CCL-NMF5 and CCL-NMF6 were also associated with
hypertension and obesity, they were strongly associated with WMH, whereas CCL-NMF1 was
not. These observations point to two potentially distinct pathways linking obesity and hypertension



to neurodegeneration: one driven by orbitofrontal atrophy without WMH involvement, and another
with broader atrophy patterns associated with high WMH load.

CCL-NMF4 and CCL-NMF7 exhibited negative associations with age. Importantly, this does not
imply preservation or increases in regional brain volume; rather, these patterns are expressed
less frequently among older individuals. Several factors may contribute. Selection bias is common
in multi-cohort aging studies, as older participants who remain are typically healthier and may
under-express certain atrophy patterns. Component overlap may also play a role, since CCL-
NMF components are not orthogonal, and atrophy reflected in CCL-NMF4 or CCL-NMF7 may be
captured by other, more dominant components that increase with age. The negative association
of CCL-NMF4 loadings with WMH further suggests processes partly independent of vascular
pathology, though this interpretation is tentative. Moreover, because most contributing cohorts
are AD-focused, even cognitively normal participants may be selectively free of AD but not of
other neurological or systemic conditions. Finally, with only AD- and vascular biomarkers
available, we cannot assess additional biological processes that may underlie these patterns.
Interpretations of these components should therefore be cautious, and future work incorporating
complementary markers, including genetic and proteomic data, will be essential for refining their
characterization.

To contextualize our findings, we tested the CCL-NMF representation of brain aging against
Surreal-GAN. These methods are fundamentally distinct: Surreal-GAN uses a GAN-based
weakly-supervised clustering approach, while CCL-NMF combines a DL-based normative model
with longitudinal change maps to derive heterogeneity dimensions via NMF. A key distinction is
that Surreal-GAN uses baseline cross-sectional measures, whereas CCL-NMF jointly models
cross-sectional and longitudinal inputs, allowing each to inform the other. This joint modeling
addresses a limitation of purely cross-sectional approaches by ensuring consistency between
neurodegeneration patterns inferred from cross-sectional data and those observed through
longitudinal progression. Both approaches were applied to the iISTAGING dataset to investigate
aging-related brain atrophy.

The CCL-NMF components largely aligned with the five atrophy dimensions identified by Surreal-
GAN, while providing an expanded representation. Predictive models incorporating CCL-NMF
loadings consistently outperformed those using R-indices, underscoring the richer representation
provided by CCL-NMF. Importantly, these improvements were not only qualitative but also
validated by formal statistical comparisons: LRTs consistently showed that adding CCL-NMF
loadings significantly improved model fit relative to demographics-only and R-indices models,
even when permutation tests across folds did not always reach conventional significance. These
findings emphasize that integrating longitudinal information yields measurable, statistically
supported improvements in heterogeneity modeling. By capturing temporal dynamics, CCL-NMF
extends beyond static cross-sectional models to enable a more nuanced understanding of brain
aging and related pathologies.

To further contextualize our findings, we evaluated the generalizability of the learned CCL-NMF
components in an independent Alzheimer’s disease-focused cohort using out-of-sample loading
estimation. The results showed overall consistency in key patterns of association and biological
interpretation, supporting the robustness and external generalizability of the derived brain aging



axes while naturally reflecting cohort-specific differences in disease enrichment, age distribution,
and variability of clinical and biomarker measures.

Our ML framework operates in two key phases: first, the C- and L-maps are estimated; second,
a mutually constrained NMF is applied. This approach yields a shared dictionary across the two
data types, along with corresponding loading coefficients for each data type. Although the
framework incorporates well-established tools at various stages, implementing these procedures
may present challenges for new users. To enhance accessibility and practical application,
regression models were developed that accurately predict the loading coefficients derived from
the CCL-NMF model. This simplification allows users to estimate these coefficients directly from
their own datasets using a publicly available web-based platform without needing expertise in our
two-step framework. Importantly, these regression models are built on raw data, so they do not
require new users to harmonize their data before using them. By bridging the gap between model
complexity and user-friendly application, CCL-NMF facilitates broader adoption of the model's
predictive capabilities in diverse research settings.

Building on the widely used NMF framework, CCL-NMF provides a robust and flexible approach
for disentangling heterogeneous brain changes by jointly modeling cross-sectional and
longitudinal neuroimaging data. The integration of these complementary data types enables the
identification of seven reproducible and clinically meaningful components of atrophy, each
capturing a distinct aging-related trajectory, in a large, harmonized, multi-cohort dataset of 48,949
individuals from the iISTAGING consortium. In contrast to models that impose rigid subtype
membership, CCL-NMF allows individuals to co-express multiple patterns, better reflecting the
complexity of overlapping neuropathologies. By quantifying individualized expression levels
across components, the method supports the development of personalized therapeutic strategies.
Compared to a state-of-the-art DL model (Surreal-GAN), CCL-NMF demonstrated improved
predictive performance for a range of biomarkers and clinical outcomes, thereby refining the
characterization of aging-related neurodegeneration. While the current application focuses on
aging-related atrophy, the framework is generalizable to other brain disorders characterized by
monotonic progression. Finally, the inclusion of regression-based tools enables estimation of
component loadings in new datasets without re-deriving the model or harmonizing the data,
promoting broader adoption across diverse research settings.

While the model effectively captures individualized patterns of brain atrophy by integrating
longitudinal data, its reliance on temporal information poses challenges in settings where such
data are limited. In this study, the disproportionately smaller longitudinal sample may have
constrained the influence of dynamic information, despite efforts to balance contributions through
weighting. Another methodological consideration is the non-negativity constraint inherent to NMF.
While this promotes part-based representations and interpretability, it requires single-signed
inputs. In practice, this entails zeroing or sign-flipping mixed-signed values, which may reduce
sensitivity to biological processes involving transient volumetric increases or compensatory
effects. The present framework is therefore formulated to capture dominant progressive
processes, such as regional atrophy, cerebrospinal fluid expansion, and WMH accumulation, that
characterize brain aging and neurodegeneration. As such, non-negativity should be viewed as a
modeling choice aligned with this objective rather than as a comprehensive representation of all
possible brain changes.



A further limitation is the use of ROI-level features, which may obscure localized or subregional
effects due to spatial averaging. Applying this framework at the voxel-level could increase
anatomical specificity and enable the detection of more granular neuroanatomical changes.

In addition to these methodological aspects, sample size is another constraint. The relatively
modest training set for the normative model is on the lower end for DL approaches and may
restrict generalizability. We nevertheless selected the autoencoder for its ability to capture
nonlinear inter-regional dependencies and higher-order structure in the data, features that
univariate normative models cannot represent. Still, multivariate non-DL strategies may be more
suitable in smaller samples and should be evaluated in future work.

The reference cohort used for normative modeling is restricted to cognitively normal midlife
individuals without major cardiometabolic or vascular risk factors; therefore, the learned variability
reflects a midlife reference manifold and may include undetected preclinical neurodegenerative
variability rather than full lifespan normative variation. In this context, some biological
interpretations remain tentative. Although CCL-NMF components show clear associations with
Alzheimer’s disease and vascular risk markers, the underpinnings of patterns such as CCL-NMF4
and CCL-NMF7, both negatively associated with age, are not fully understood. These findings
highlight the need for complementary biological markers, including genetic and proteomic
markers, to refine characterization. Moreover, while the regression-based estimator was trained
on unharmonized ROI data to approximate site- and scanner-related variability, its stability under
explicit scanner drift or in fully independent cohorts remains to be established. The contributing
cohorts are predominantly of European ancestry, enriched for cognitively normal research
participants, and not designed to represent clinical populations; accordingly, caution is warranted
when extrapolating these population-level aging patterns to more diverse or clinically ascertained
groups.

In conclusion, this study introduced an ML-based approach designed to disentangle the
heterogeneity of brain aging by leveraging both cross-sectional and longitudinal data. Applied to
structural MRI data from a large aging cohort, the method identified distinct, reproducible, and
clinically relevant components associated with brain aging. This approach enhances traditional
cross-sectional methods by integrating temporal dynamics, enabling more nuanced insights into
the progressive nature of complex neurobiological processes underlying aging. It may also inform
personalized interventions, refining therapeutic strategies for brain aging and neurodegenerative
diseases.



Methods
CCL-NMF framework

CCL-NMF addresses brain aging heterogeneity by decomposing brain changes into distinct
components using NMF. These components represent coordinated patterns of brain alteration
that are likely linked to underlying neuropathologic processes. Specifically, a mutually constrained
NMF framework is introduced that integrates two complementary sources of information: maps
representing cross-sectional and longitudinal brain changes, referred to as the C-map and L-map,
respectively. The C-map captures long-term aging-related deviations by comparing individuals to
a population-based normative reference, while the L-map reflects dynamic brain changes over
time at the individual level. Importantly, NMF is applied to these model-derived maps rather than
directly to raw anatomical measurements. Using raw features would primarily cluster individuals
according to sources of inter-individual variability unrelated to aging or neurodegeneration (e.g.,
sex, head size, or developmental differences), thereby reducing biological interpretability. In
contrast, deriving deviation and change rate maps filters out such nuisance variation in a
multivariate fashion, ensuring that the decomposition captures aging- and disease-related
processes, rather than normative anatomical covariance. The joint NMF approach further
identifies components shared by cross-sectional and longitudinal maps based on the assumption
that aging- or disease-related effects inferred from cross-sectional deviations should align with
the temporal dynamics observed in longitudinal data. The model also estimates corresponding
loading coefficients representing the degree to which each subject expresses each component,
by jointly optimizing the reconstruction of both maps. In this way, the model captures the interplay
between static and dynamic aspects of brain alterations (Fig. 9).

The C-map is derived using a normative modeling approach trained on a middle-aged, cognitively
normal reference cohort without major cardiometabolic or vascular risk factors, intended to
approximate brain variability prior to substantial age-related neuropathology. This reference
population is assumed to be relatively less affected by overt neuropathologic processes that
typically emerge beyond midlife33, although preclinical pathological changes may already be
present. In this study, “normative modeling” is used in a reference-based sense: the adversarial
autoencoder learns a multivariate anatomical reference manifold from this midlife cohort and
expresses each subject as a deviation from this learned reference, rather than estimating age-
conditional normative reference distributions across the lifespan. When applied to an aging target
population, the model quantifies individualized deviations from this midlife reference space. The
aging population is conceptualized as having originated from a similar healthy middle-aged
population but with brain alterations reflecting the cumulative effects of normal aging, latent
neuropathologies, and genetic, lifestyle, or environmental risk factors. These multifactorial
deviations are summarized using NMF into a reduced set of dominant brain change patterns. The
L-map, which captures dynamic brain changes, is derived using a statistical model incorporating
longitudinal imaging data, as detailed in subsequent sections. Longitudinal data directly reflect
brain changes associated with the active underlying neuropathologic processes at the individual
level. By integrating population-based cross-sectional assessments of brain changes with
individual trajectories of change over time, CCL-NMF provides a unified decomposition approach
with enhanced sensitivity for detecting aging- and disease-related effects.



Normative modeling for estimating the cross-sectional deviation map (C-map)

To estimate cross-sectional deviations (C-map), an adversarial autoencoder (AA)343° was trained
on areference population (S1) and applied it to a target population (S2). Since the AA is optimized
to reconstruct only S1-like inputs, the reconstruction error for S2 reflects deviation from the
normative reference. This error serves as the basis for the C-map.

The AA architecture comprises an encoder (E) with two hidden layers, each containing 110
neurons and a latent space dimension of 10 neurons. The decoder (D) and the discriminator (D)
are similarly structured, with two hidden layers of 100 neurons each. The latent space is
regularized to match a Gaussian distribution. All hidden layers employ a leaky Rectified Linear
Unit with non-linearity, while the latent space and the decoder's output layer utilize a linear
activation function.

The AA training has two phases:

1) Reconstruction phase: This phase minimizes the reconstruction loss, ensuring the output
closely matches the input. The encoder maps an input feature vector x to a latent representation
z, and the decoder reconstructs it. The reconstruction loss is:

Lrecon = |[x = DE®)||; ()

2) Regularization phase: This phase uses adversarial training to constrain the latent
representation z to follow a prior Gaussian distribution. The discriminator distinguishes samples
drawn from the prior Gaussian distribution from latent representations produced by the encoder.
The adversarial loss is:

Laay = E[log(D,(@)] + E[log(1 - D,(E®))| (@)

where Z denotes samples drawn from the prior Gaussian distribution and E(x) denotes the latent
representation of input x produced by the encoder. The encoder minimizes this loss to fool the
D,.

The Adam optimizer is used for 1000 epochs and applies early stopping with 50 epochs of
patience. A mini-batch approach is implemented within this gradient descent-based optimizer,
with a batch size of 200. A cyclical learning rate enhances the training efficiency, facilitating
convergence with fewer epochs. The initial learning rate is 0.0001, with a maximum learning rate
of 0.005. The learning rate cycle follows a basic triangular shape with an amplitude decay factor
(gamma) of 0.98.

Before the AA, the features were corrected for covariates (sex and ICV) and standardized to z-
scores. Both linear correction and z-score models were trained on S1 and were applied to the S2
baseline and longitudinal measures. The S1 was split into three subsets: Sliain, Slva, and Slheidout,
with a split ratio of 65%, 15%, and 20%, respectively. The AA was trained on Slain, validated on
S1ya, and then applied to Slhegout and S2 baseline measures. The mean squared deviation of an



individual was computed as MSD =% K a(x —J@j)z, where R denotes the number of brain

regions, and x; and £; represent the input and reconstructed values for region j, respectively.
Individuals with the largest deviations were then selected. Here, since the focus was on atrophy-
related volume loss, brain regions with negative deviations (i.e., those with reconstructed values
larger than initial values) were not included in the MSD calculation. Individuals in S2 with MSD
values exceeding the 75th percentile of MSD in Slheidout Were designated as S3, representing
those with the greatest deviations from normative space, and were subsequently used in the NMF.
The C-map with a size equal to the number of brain regions by the number of S3 individuals
includes the deviations. Negative deviations were suppressed by replacing them with 0. The S1,
S2, S3 structure is used in both semi-synthetic (S1syn, S2syn, S3syn) and real (Slrea, S2real, S3real)
data settings.

Statistical method for estimating the longitudinal change map (L-map)

Linear mixed-effects model (LME)3¢ is employed to estimate the longitudinal rate of change (L-
map) for the S3 individuals with multiple measurements over time. For feature j, subject i, and
timepoint t, the model is specified as follows:

Yije = .30]- + ﬁleimei + XiTsz TYo,; t yli‘jTimel- +ee (3)

where X; is the covariate vector for subject i, [30]. is the population-level intercept for feature j, [)’1].
is the population-level longitudinal slope for feature j, and sz is the vector of fixed-effect

coefficients corresponding to the covariate vector xi. The errors ¢; ;, are independent and
identically distributed with a mean of zero. The subject-specific random intercept and slope
parameters, o, ; and Vi, »@re assumed to follow a bivariate normal distribution.

The calculation of each subject's rate of change involves two components: the population-average
slope [31]. from the fixed-effects term and the subject-specific random slope Yii, for subject i. So,

the final rate of change is given by ﬁ1j V1 Time is defined as the interval (in years) between

baseline and the last available visit for each subject and is entered into the model as a continuous
predictor. By combining fixed and random slopes, the model yields subject-specific rates of
change that accommodate variability in follow-up duration and provide stable estimates without
requiring balanced schedules.

The resulting L-map is structured with dimensions corresponding to the number of brain regions
by the number of individuals with longitudinal measurements, capturing the regional rates of
change. Since the focus is on GM atrophy rates, infrequent and low-magnitude positive values
were set to zero. To ensure compatibility with the non-negativity constraints required for input
data in NMF, the sign of the L-map was inverted, yielding positive values.



Joint NMF

After extracting the C- and L-maps, the joint NMF implementation is carried out. For Xc of size
DxNc and X, of size DxN., where D represents the dimensionality of brain features (e.g., ROIs),
and Nc (NL) denotes the number of subjects with cross-sectional deviations (longitudinal change
rates), the objective is to extract K components that encapsulate the brain aging patterns using
an NMF scheme. This approach operates under the hypothesis that both data types share the
same components (dictionary W of size DxK). The shared dictionary ensures that cross-sectional
patterns of brain aging are consistent with the dynamic progression patterns captured by
longitudinal measurements. However, cross-sectional and longitudinal measures have distinct
loading coefficients: Hc of size KxNc for cross-sectional data and H. of size KxN. for longitudinal
data. The model can be expressed as:

Xc = WH¢, X, = WH, subjecttoW = 0,Hc = 0,H;, > 0 (4)
The loss function is:
L = a|lXc — WHcll§ + [IX, — WH[I§ (5)
where « is a weighting coefficient, determined based on the dataset or application, that regulates
the relative influence of C- and L-maps in the dictionary learning process.
This formulation represents a mutually constrained dual factorization of cross-sectional and

longitudinal data, optimized using a multiplicative update rule®7:38;
(axCHE+xLHE)U

Wij < Wij (aWHCHZ+WHLHT) ©6)
(WTXp),
hij < h{]m I=c¢L) (7)

Prior to NMF, (non-zero elements of) Xc and X, are rescaled using MinMax scaling to the range
[0,1] to ensure uniform feature scaling. The initialization of W, Xc, XL matrices is performed with
random values drawn from a uniform distribution within [0, 0.5]. The initial matrices are normalized
using a diagonal matrix S, derived from the f>-norms of the columns of Wj;;:

Winie = WinieS ™, H&init = SHc, ;0 HLinit =SHy,, (8)

This normalization step is repeated at each iteration to ensure numerical stability, promote
convergence, and prevent disproportionate scaling of component weights that could lead to
component collapse or dominance. An algorithmic pseudocode summarizing the full CCL-NMF
pipeline is provided in Supplementary Method 9.

The selection of optimal K is made based on the reproducibility and sparsity indices
(Supplementary Method 2). In addition, extended reproducibility analyses were conducted to
evaluate the robustness of the decomposition under various sources of variability, including
random initialization, bootstrap resampling, and full pipeline reruns with independently trained
normative models (Supplementary Method 3).



Out-of-sample estimation of subject-specific loadings

To enable application in external datasets without re-deriving components, which would require
a reference cohort, data harmonization, and implementation of the full CCL-NMF pipeline, we
fixed the components derived from the discovery dataset and trained separate regression models
to easily estimate subject-specific loading coefficients. These models used ROI volumes, age,
sex, and ICV as predictors and were fitted independently for each component’s loadings. Training
and evaluation were performed using five-fold stratified cross-validation based on age, sex, and
diagnosis. Model performance was assessed using Spearman correlation between original and
approximated loadings. No harmonization was applied to input ROIs to ensure broader
applicability. To further validate predictive utility, we applied logistic regression for binary
outcomes and Cox proportional hazards models for MCI-to-AD progression and evaluated the
models within cross-validation using area under the curve (AUC), concordance index (C-index),
and McFadden’s and Nagelkerke’'s pseudo-R? metrics. Statistical comparisons between original
and regression-based loadings were performed using permutation testing (Supplementary
Method 8). By this regression-based approximation, individualized loadings can be efficiently
estimated in new subjects, facilitating downstream analyses and clinical translation.

Dataset

Here, CCL-NMF was applied to parse the heterogeneity of aging-related GM changes using 119
predefined GM ROIs (Supplementary Table 1) extracted from baseline T1-w MRI. The T1-w
image intensity inhomogeneity was corrected?®®, followed by multi-atlas skull-stripping*®, and then
the ROIs were segmented using a multi-atlas, multi-warp label fusion-based method*'. To
address outliers and low-quality data, we applied a two-step semi-automated quality control (QC)
pipeline: (i) ROI volumes were standardized into z-scores, and cumulative scores were computed
to flag potential outliers, and (ii) flagged cases were manually reviewed using MRISnhapshot
https://github.com/CBICA/MRISnapshot. Scans failing QC criteria were excluded before analysis.
All participants gave written informed consent to the study for data acquisition and analyses
according to the Declaration of Helsinki. The institutional review board of the University of
Pennsylvania approved this project. Sex information was available for all participants and was
determined based on self-report as recorded in the original cohort datasets. Regional volumes
were adjusted for sex and ICV prior to model estimation, and sex was additionally included as a
covariate in downstream statistical analyses to account for potential confounding effects.
Participant compensation and study procedures were determined by the original cohort protocols
and are described in the respective study documentation.

Semi-synthetic dataset

Semi-synthetic data were generated by simulating atrophy patterns in CN individuals from the UK
Biobank (UKBB)*? cohort to validate the methodology. The seed dataset included 4,517 CN
participants (mean age: 51.83+2.33 years, 56.61% females), divided into two subsets: a 20%
subset (Slsyn: N=903; mean age: 51.90+2.34 years, 56.59% females) comprised individuals
whose data remained unchanged, while the remaining 80% (S2syn: N=3,614; mean age:
51.81+2.33 years, 56.61% females) underwent simulated atrophy. In S2syn, atrophy was simulated




over 40 timepoints (one-year intervals), with varying patterns and onset times drawn from a
Gaussian distribution (u=7, 0=3). Within S2s, 20% of individuals were given synthetic frontal
atrophy, 20% occipital, 20% parietal, 20% subcortical, and 20% temporal atrophy. The ROls
affected in each atrophy pattern are listed in Supplementary Table 2. The simulation applied a
1% annual atrophy rate to the ROIs within the pattern and a 0.1% rate to the remaining brain GM
ROls. For the cross-sectional dataset, a single timepoint was randomly selected for each subject
from the 40 available, resulting in a synthetic age distribution of 71.30+11.82 years. The L-map
of S3syn Was derived using an LME model, adjusting for baseline age and ROI volume.

To enhance realism, Gaussian noise was added to each ROI in both map types before NMF
(Supplementary Method 10). Three types of NMF experiments were conducted for the five
simulated atrophy patterns in the semi-synthetic dataset. First, the NMF was run using solely the
C-map. Second, the NMF was run using solely the L-map. Third, the CCL-NMF was run utilizing
both C- and L- maps. In the last case, a sensitivity analysis was performed to assess the impact
of the a coefficient from Eqg. (5) on the accuracy with which the CCL-NMF dictionary captured the
simulated atrophy patterns.

To assess the model’s ability to identify simulated atrophy patterns, the inner product matrix was
computed between the f-normalized matrix representing the ground truth simulated atrophy
patterns and the f-normalized dictionary of the model. The closer the inner product matrix is to
the diagonal matrix representing perfect identification/reconstruction of the simulated ground truth
atrophy patterns, the better the dictionary captures the simulated atrophy patterns. To quantify
the divergence from perfect ground truth reconstruction, the Frobenius norm of the difference
between the two matrices (termed divergence matrix) was used; a smaller norm of the divergence
matrix indicates a more accurate reconstruction of the ground truth.

iISTAGING dataset

The dataset was drawn from the iISTAGING consortium for the real data analyses. The iISTAGING
consortium is a collaborative effort to consolidate neuroimaging, clinical, and cognitive data from
more than 70,000 individuals from 24 studies and 38 sites across the adult lifespan. Here, data
from the following studies were included: Alzheimer Disease Neuroimaging Initiative
(ADNI)#3444546 = Aystralian Imaging, Biomarker, and Lifestyle (AIBL)*"#® study, Biomarkers for
Older Controls at Risk for Dementia (BIOCARD)*, Baltimore Longitudinal Study of Aging
(BLSA), Coronary Artery Risk Development in Young Adults (CARDIA)! study, Healthy Aging
in Neighborhoods of Diversity across the Life Span (HANDLS)>? study, Open Access Series of
Imaging Studies (OASIS)®%3, University of Pennsylvania Memory Center cohort (Penn-PMC)%,
Study of Health in Pomerania (SHIP)>5%, UK Biobank*?, Womens Health Initiative Memory Study
(WHIMS)57%8, and Wisconsin Registry for Alzheimer Prevention (WRAP)%°. The imaging
parameters for each study are presented elsewhere?. Inter-site ROl harmonization was
performed using the ComBat statistical framework as implemented in the Neuroharmonize
toolbox®® (Supplementary Method 11). Clinical data and cognitive status, where available, were
provided by the source study.




The reference population Slea consisted of CN individuals without known CVD-related factors
(obesity, hypertension, and diabetes) and age younger or equal to 50 years (N=977; mean age
39.88+8.09 years, 54.86% females, 100% CN). The target group S2..a comprised individuals
older than 50 (N=48,949; mean age 65.41+7.92 years, 53.98% females, 94.23% CN). The
demographics of Sliea and S2ea populations by origin study are displayed in Table 1. The L-map
was estimated using LME models with the site, baseline age, and ROI volume as covariates. The
LME analysis was performed using individuals with three or more longitudinal measures to
minimize uncertainty in the rate of change estimation. The joint NMF was run with a varying
number of components, Ke {2, ..., 15}.

Statistical analyses

Associations with cognitive, clinical, biomarker, and disease progression measures

Linear and logistic regression analyses were used to evaluate associations between CCL-NMF
loading coefficients and AD biomarkers, cognitive performance, the SPARE-AD®! score, and
CVD-related factors. Cox proportional hazards models were employed to assess associations
between CCL-NMF loadings and the risk of progression from CN to MCI and from MCI to AD.
Hazard ratios (HR) were estimated to quantify the contribution of each component to the risk of
cognitive decline. All models included age, sex, and study cohort as covariates, except APOE4
analyses (age excluded) and ADNI cognitive score analyses (study excluded). Education was
additionally included as a covariate in cognitive and disease progression analyses. Bonferroni
correction was applied to control for multiple comparisons.

Comparison with Surreal-GAN R-indices

To compare predictive performance between CCL-NMF and Surreal-GAN (Supplementary
Method 6), logistic regression was used for binary outcomes (e.g., amyloid, tau, or APOE4 status)
and Cox proportional hazards models were applied to assess MCI-to-AD progression. All models
included age, sex, and study as covariates, except for APOE4 analyses, where age was excluded;
education was additionally included in models assessing cognitive progression. Five-fold stratified
cross-validation (based on age, sex, and diagnosis) was used to evaluate the models. Predictive
performance was assessed using AUC for binary outcomes and C-index for survival analysis.
Four model configurations were tested: (1) demographics only, (2) demographics with Surreal-
GAN R-indices, (3) demographics with CCL-NMF loadings, and (4) all predictors combined. To
further assess explanatory power and formally compare models, we additionally estimated
pseudo R? values (McFadden’s for logistic regression, Nagelkerke’s for Cox models) and
performed statistical comparisons using permutation tests (testing differences in discrimination
and explanatory power) and likelihood ratio tests (formally testing model fit) within the cross-
validation framework; full details are provided in Supplementary Method 7.




Data Availability

Raw imaging and clinical data used in this study were provided by several individual studies via
data-sharing agreements and are therefore available under restricted access because these
agreements do not permit redistribution by the authors. Access to these data can be obtained by
applying directly to the respective data providers, as described below. Data from ADNI used in
this study are available from the ADNI database (adni.loni.usc.edu) upon registration and
compliance with the data usage agreement. Data from the UKBB used in this study are available
upon request from the UKBB website (https://www.ukbiobank.ac.uk/). Data from the BLSA study
used in this study are available upon request at https://www.blsa.nih.gov/how-apply. Data from
the AIBL study used in this study are available upon request at https://aibl.org.au/. Data from the
OASIS study used in this study are available upon request at https://www.oasis-brains.org/. Data
from the HANDLS study used in this study are available upon request at https://handls.nih.gov/.
Data requests for BIOCARD, PENN, WRAP, CARDIA, SHIP, and WHIMS datasets should be
directed to the respective study investigators (Marilyn S. Albert, David A. Wolk, Sterling C.
Johnson, Lenore J. Launer, Katharina Wittfeld, and Mark A. Espeland). The source data
underlying the main figures of this study have been deposited in the Zenodo repository and are
available at https://zenodo.org/records/18850194.

Code Availability

Modeling and analyses were conducted in Python (version 3.10). The adversarial autoencoder
was implemented in Keras (v2.8) following the architecture described in Pinaya et al.**. The linear
mixed-effects models were implemented using the statsmodels package (v0.14.5). The joint NMF
optimization was implemented using custom code based on the multiplicative update rules from
Zhang & Zhang® and Lee & Seung®. All statistical analyses were performed using statsmodels
(v0.14.5), pingouin (v0.5.1), scikit-learn (v1.3.2), and lifelines (v0.25.11) for survival models. Inter-
site ROI harmonization was performed with the Neuroharmonize toolbox®° (Supplementary
Method 11), employing the ComBat statistical framework. Finally, component visualization was
performed using regional volumetric maps (RAVENS®?) within the Volume Imaging in Neurological
Research, Co-Registration and ROIs included (VINCI64 v5.03%3%) platform.

Out-of-sample estimation of the CCL-NMF loading coefficients is available via the NiChart
platform (https://cloud.neuroimagingchart.com/). NiChart enables researchers worldwide to
upload their study data, process structural MRI to derive volumetric features (DLMUSE®* ROIs),
and predict CCL-NMF loading coefficients. The code for the pre-trained regression models for
loading prediction is available at https://github.com/CBICA/CCL_NMF_Prediction/tree/main. In
addition, the full CCL-NMF pipeline—including adversarial autoencoder training, C- and L-map
computation, and joint NMF decomposition—together with documentation is publicly available at
https://github.com/loannaSkampardoni/CCL-NMF, complementing the repository already
provided for the regression-based estimator.
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Tables

Table 1: Demographic summary of reference (Slrea) and target (S2real) population. For age, mean and range
(min—max) are presented. Abbreviation: CN, Cognitively Normal.

Sample size Age (years) Sex (%omales) Diagnosis
(%CN)
Targe | Referenc | Target | Referenc | Targe | Referenc | Targe | Referenc
t e e t e t e
ADNI 2391 - 73.1 - 52.4 - 36.4 -
(54.27
91.31)
AIBL 922 4 73.1 45.45 435 25 76 100
(54.25 | (43.16-
-96) 49.07)
BIOCARD | 259 - 60.8 - 40.9 - 97.7 -
(50.06
86.27)
BLSA 916 100 70.1 40.54 47.3 42 97.5 100
(51- (22-50)
93)
CARDIA 534 170 53.9 47.22 46.4 50.6 100 100
(51- (43-50)
61)
HANDLS 147 33 58.6 42.89 44.9 57.6 100 100
(50.1- (35.9-
72.4) 49.9)
OASIS 1097 10 71.8 47 45 20 73.3 100
(50.08 | (42.66-
- 49.24)
101.79
)
PENN 959 - 73.9 - 43.1 - 20.8 -
(51-
95)
SHIP 1810 660 63 37.6 (21- | 48 44.1 100 100
(51- 50)
90)
UK 3858 - 64.5 - 47.1 - 100 -
BIOBANK | 2 (50-
82.27)
WHIMS 1080 - 69.6 - 0 - 100 -
(64-
79)
WRAP 252 - 62.1 - 29 - 99.6 -
(50.3-
77.7)




Figure Legends/Captions

Figure 1: Overview of the CCL-NMF framework and its application to brain atrophy. A-C)
Coupled Cross-sectional and Longitudinal Non-negative Matrix Factorization (CCL-NMF)
integrates baseline and longitudinal MRI data from an older target population. Individuals with
baseline and longitudinal scans are used to construct two input matrices: the C-map (Xc)
representing cross-sectional deviations from a normative reference population, and the L-map
(X) capturing individualized gray matter atrophy rates over time. These maps are jointly
decomposed into a shared dictionary of spatial atrophy components (W) and into separate loading
matrices Hc and H., which quantify subject-level expression of each component in the cross-
sectional and longitudinal domains, respectively. D) The resulting components capture distinct
spatial patterns of gray matter atrophy, and the subject-specific loadings demonstrate biological
relevance, support reliable out-of-sample estimation via the NiChart platform, and improve
prediction of biomarker and disease progression outcomes compared to models based solely on
cross-sectional data. Although this figure illustrates gray matter atrophy, the framework is general
and can be extended to other monotonic brain changes, such as lesion burden or molecular
pathology accumulation.

Figure 2: Results in semi-synthetic data. From left to right, matrices show the inner product
matrix between the {,-normalized matrix of the ground truth simulated atrophy patterns and the
f>-normalized dictionaries estimated by C-NMF (C-map only), L-NMF (L-map only), and CCL-NMF
(jointly using C- and L-maps). Brighter (orange/white) cells indicate higher inner product (greater
similarity), and darker (purple/black) cells indicate lower similarity. A pronounced diagonal
structure indicates accurate recovery of the simulated brain atrophy patterns.

Figure 3: Determination of the number of CCL-NMF components. (A) Reproducibility index
as a function of the number of components (K). The dataset was divided into two subsets with
comparable age and sex distributions, and CCL-NMF was applied independently to each subset.
Components from the two decompositions were matched using the Hungarian algorithm, and their
similarity was quantified using the inner product (reproducibility index; range 0-1). Points
represent the mean reproducibility index across matched component pairs, and error bars indicate
+ standard deviation (SD) across matched pairs. (B) CCL-NMF dictionary sparsity as a function
of the number of components. Higher values indicate more spatially sparse component patterns.
Additional methodological details are provided in Supplementary Method 2.

Figure 4: Spatial atrophy patterns captured by CCL-NMF components. Each of the seven
components reflects a distinct spatial pattern of brain atrophy. The color bar indicates the relative
contribution weight of each region to the component. Warmer (cooler) colors indicate higher
(lower) regional contributions.



Figure 5: Volumetric longitudinal trajectories reveal accelerated atrophy in individuals with
high longitudinal CCL-NMF loadings, highlighting the model’s capacity to track
neurodegeneration. Representative brain regions include (A) hippocampus (CCL-NMF2), (B)
precuneus (CCL-NMF4), and (C) insular cortex (CCL-NMF5). Data points represent individual
longitudinal measurements of regional brain volume plotted against age. Red circular markers
denote subjects with high longitudinal component loadings (top 10th percentile), whereas blue
square markers denote subjects with low longitudinal loadings (bottom 10th percentile). Subjects
were randomly sampled from these percentile groups for visualization. Linear regression lines
illustrate volume trajectories over time, with steeper declines observed among subjects with
higher longitudinal loadings, thereby revealing the ability of CCL-NMF to capture progressive
neurodegenerative changes. ROl volumes are reported in mm?3 and age in years.

Figure 6: Associations between cross-sectional CCL-NMF loadings and clinical, cognitive,
and vascular measures. Cross-sectional CCL-NMF loadings were tested for association with
(A) AD-related measures, (B) age, (C) cognitive performance, (D) risk of cognitive impairment
progression, and (E) cardiovascular risk factors. For forest plots, points indicate estimated effect
sizes (odds ratios (OR) or hazard ratios (HR)) and horizontal lines represent the corresponding
95% confidence intervals (Cl); values are displayed on a log scale where indicated. For bar plots,
bars represent the estimated regression coefficients (B) from linear models. Statistical
significance was evaluated using two-sided tests (Wald tests for logistic and Cox regression; t-
tests for linear regression). Statistical significance is indicated as p < 0.0029 (*) and p < 5.9x107°
(**), after Bonferroni correction for 17 tests. N denotes the number of independent participants
included in each analysis. For progression analyses (Panel D), Cox proportional hazards models
were used, and N represents the total number of individuals included in the model (including both
progressors and non-progressors). All models included age, sex, and study cohort as covariates,
except APOE ¢4 analyses (age excluded) and ADNI cognitive score analyses (study excluded).
Education was additionally included as a covariate in cognitive (Panel C) and disease progression
analyses (Panel D). The average follow-up time was 5.37 + 4.29 years for CN—MCI conversion
and 2.6 *+ 2.65 years for MCI—AD progression. Definitions for AD biomarkers and CVD-related
factors are provided in Supplementary Method 5. Abbreviations: SPARE-AD, Spatial Pattern of
Abnormality for Recognition of Early Alzheimer’s Disease; WMH, White Matter Hyperintensities;
CN, Cognitively Normal; MCI, Mild Cognitive Impairment; ADNI, Alzheimer's Disease
Neuroimaging Initiative; ADNI-MEM, ADNI memory composite; ADNI-VS, ADNI visuospatial
functioning composite; ADNI-LAN, ADNI language composite; ADNI-EF, ADNI executive function
composite; ADAS-COG, Alzheimer's Disease Assessment Scale-Cognitive Subscale; APOE,
Apolipoprotein E.

Figure 7: Prediction of AD markers, cardiovascular disease risk, and cognitive impairment
progression using imaging-derived components. Models incorporating CCL-NMF loadings
outperform demographics-only models and those using Surreal-GAN R-indices,
demonstrating the added predictive value of integrating longitudinal information. Bars
represent mean predictive performance (area under the curve (AUC) or concordance index (C-



index)) across cross-validation folds, and error bars indicate + standard deviation (SD) across
folds. Outcomes include APOE ¢4 status, amyloid positivity, tau positivity, obesity, hypertension,
and MCI—AD progression. Four model configurations are shown: (1) demographics only, (2)
demographics and R-indices, (3) demographics and CCL-NMF loadings, and (4) a full model
including all predictors. All models included age, sex, and study cohort as covariates, except for
APOE ¢4 status (age excluded); education was additionally included as a covariate in the
MCI—AD progression model. N indicates the number of independent participants included in each
prediction analysis, as shown below each outcome. Definitions of biomarkers and cardiovascular
risk factors are provided in Supplementary Method 5. Abbreviations: MCI, Mild Cognitive
Impairment; APOE, Apolipoprotein E.

Figure 8: Correspondence between original and approximated CCL-NMF loading
coefficients. (A) Spearman correlations between original and regression-based
approximated cross-sectional loading coefficients across subjects in the cross-sectional
dataset (N=13,950). (B) Spearman correlations between original and approximated
longitudinal loading coefficients across subjects with longitudinal data (N=1,063). Each cell
represents the correlation between an original component loading (rows; upper-case labels) and its
regression-based approximation (columns; lower-case labels). The high correlations (0.8-0.93 for cross-
sectional and 0.9-0.97 for longitudinal loadings) indicate that the approximated loadings accurately
preserve the original components' structure, ensuring their reliability for out-of-sample applications.

Figure 9: Schematic representation of the CCL-NMF framework, including C-map and L-
map estimation and joint decomposition. An adversarial autoencoder (AA) is used to estimate
the cross-sectional deviation map (C-map) of the target population (here, an aging cohort) relative
to a normative reference population (here, a healthy middle-aged cohort). Linear mixed-effects
(LME) models are applied to individuals with longitudinal measurements to estimate the rate of
change map (L-map). The resulting C-map (Xc) and L-map (X.) are jointly decomposed via non-
negative matrix factorization (NMF) into a shared dictionary (W) that captures distinct patterns of
brain change and loading matrices (Hc and Hy) that reflect the individual expression levels of each
component. This coupled factorization is defined as Xc=WHc¢ and X, =WH_ with W=0, Hc=0, and
H.20. The shared dictionary links cross-sectional deviations and longitudinal change within a
common component space. This schematic complements the conceptual overview in Fig. 1 by
detailing the methodological steps involved in estimating input maps and performing the coupled
decomposition. The symbol ‘X’ indicates matrix multiplication.



Editor’s Summary: A machine-learning framework integrating cross-sectional and longitudinal brain
imaging reveals distinct brain aging trajectories in ~¥49,000 individuals and links them to Alzheimer’s
disease biomarkers, cognition, and cardiovascular risk factors.

Peer review information: Nature Communications thanks Jia Guo, Tobias Kaufmann, and the other,
anonymous, reviewer(s) for their contribution to the peer review of this work. A peer review file is
available.
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