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Abstract

Background: Precise assessment of brain aging is crucial for early detection of neurodegenerative disorders and aiding clinical
practice. Existing magnetic resonance imaging (MRI)–based methods excel in this task, but they still have room for improvement
in capturing local morphological variations across brain regions and preserving the inherent neurobiological topological structures.

Objective: To develop and validate a deep learning framework incorporating both connectivity and complexity for accurate
brain aging estimation, facilitating early identification of neurodegenerative diseases.

Methods: We used 5889 T1-weighted MRI scans from the Alzheimer’s Disease Neuroimaging Initiative dataset. We proposed
a novel brain vision graph neural network (BVGN), incorporating neurobiologically informed feature extraction modules and
global association mechanisms to provide a sensitive deep learning–based imaging biomarker. Model performance was evaluated
using mean absolute error (MAE) against benchmark models, while generalization capability was further validated on an external
UK Biobank dataset. We calculated the brain age gap across distinct cognitive states and conducted multiple logistic regressions
to compare its discriminative capacity against conventional cognitive-related variables in distinguishing cognitively normal (CN)
and mild cognitive impairment (MCI) states. Longitudinal track, Cox regression, and Kaplan-Meier plots were used to investigate
the longitudinal performance of the brain age gap.

Results: The BVGN model achieved an MAE of 2.39 years, surpassing current state-of-the-art approaches while obtaining an
interpretable saliency map and graph theory supported by medical evidence. Furthermore, its performance was validated on the
UK Biobank cohort (N=34,352) with an MAE of 2.49 years. The brain age gap derived from BVGN exhibited significant difference
across cognitive states (CN vs MCI vs Alzheimer disease; P<.001), and demonstrated the highest discriminative capacity between
CN and MCI than general cognitive assessments, brain volume features, and apolipoprotein E4 carriage (area under the receiver
operating characteristic curve [AUC] of 0.885 vs AUC ranging from 0.646 to 0.815). Brain age gap exhibited clinical feasibility

JMIR Aging 2025 | vol. 8 | e73004 | p. 1https://aging.jmir.org/2025/1/e73004
(page number not for citation purposes)

Li et alJMIR AGING

XSL•FO
RenderX

mailto:wenyuanli@zju.edu.cn
http://www.w3.org/Style/XSL
http://www.renderx.com/


combined with Functional Activities Questionnaire, with improved discriminative capacity in models achieving lower MAEs
(AUC of 0.945 vs 0.923 and 0.911; AUC of 0.935 vs 0.900 and 0.881). An increasing brain age gap identified by BVGN may
indicate underlying pathological changes in the CN to MCI progression, with each unit increase linked to a 55% (hazard ratio=1.55,
95% CI 1.13-2.13; P=.006) higher risk of cognitive decline in individuals who are CN and a 29% (hazard ratio=1.29, 95% CI
1.09-1.51; P=.002) increase in individuals with MCI.

Conclusions: BVGN offers a precise framework for brain aging assessment, demonstrates strong generalization on an external
large-scale dataset, and proposes novel interpretability strategies to elucidate multiregional cooperative aging patterns. The brain
age gap derived from BVGN is validated as a sensitive biomarker for early identification of MCI and predicting cognitive decline,
offering substantial potential for clinical applications.

(JMIR Aging 2025;8:e73004) doi: 10.2196/73004
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Introduction

Background
As human life expectancy steadily rises, the global population
aged ≥60 years is projected to nearly double by 2050, reaching
an estimated 2.1 billion [1]. This demographic shift presents
substantial burdens to society, including rising health care costs
and caregiving demands [2]. In the area of aging, dementia
accounts for 11.2% of disability years, surpassing that caused
by strokes (9.5%), musculoskeletal disorders (8.9%),
cardiovascular diseases (5%), and all types of cancer (2.4%)
[3]. Scientific investigations have illuminated the association
between an aging brain and neurodegenerative conditions, such
as Alzheimer disease (AD), by revealing the molecular and
cellular mechanisms, particularly mitochondrial impairment
[4,5]. There is an urgent demand for accurate assessment of
brain aging to enable early detection of age-related
neurodegenerative diseases, with neuroimaging-based brain age
estimation methods gaining popularity in recent years [6].

Given its exceptional soft tissue contrast, noninvasive nature,
and multimodal capabilities, magnetic resonance imaging (MRI)
is the preferred method for timely visualizing brain structure
and subtle lesions [7,8]. Brain age gap estimation [9], a
quantified MRI-based score, has been considered a reliable
brain age scale [10,11], with numerous studies associating a
positive brain age gap with brain abnormalities and mortality
[12,13]. The typical approach in this field involves constructing
a standardized model using structural MRI data from healthy
individuals. This model is then used to evaluate neuroanatomical
deviations from the norm in new participants, providing insight
into underlying brain abnormalities [14]. Recent publications
have demonstrated the efficacy of traditional methods for brain
age gap estimation, such as support vector regression and
relevance vector regression, with mean absolute errors (MAEs)
ranging from 2.6 years to 7.7 years [15] and 3.7 years to 4.7
years [16], respectively. However, these approaches often rely
on supervised learning, with inherent limitations related to
manual labeling and model performance influenced by dataset
bias [14].

In recent years, the emergence and widespread adoption of deep
learning (DL) techniques, which require no manual annotation
and excel in handling high-dimensional data [17], have propelled

model precision to unprecedented heights, achieving MAEs of
<3 years [18-20]. For instance, BrainAgeNeXt [21] achieved
an MAE of 2.78 years. Convolutional neural networks (CNNs)
are lauded for their adeptness in automatic feature extraction
from MRI images but are limited by the gradient explosion or
vanishing issue in deeper layers. Residual neural networks
(ResNets) have made significant strides by introducing skip
connections to mitigate these training challenges, albeit at the
cost of increased computational complexity. Transformer-based
models represent a paradigm shift with their self-attention
mechanisms adept at capturing long-range dependencies, but
they demand substantial data for optimal training. Ensemble
DL approaches have garnered attention for their ability to
synthesize the predictions of multiple models, thereby enhancing
the robustness and accuracy of brain age estimation. This
prediction strategy, while beneficial for improving
generalization, incurs the surcharge of increased training
complexity. However, most DL-based approaches regard brain
MRI as a cube constructed of voxels and then transfer models
that perform well in natural images or videos directly to this
task. This approach neglects the unique biological characteristics
of the brain, which distinguish it from natural images [22],
particularly in morphology [23]. Moreover, the human
connectome exhibits intricate higher-order connectivity,
encompassing spatial, functional, and sex-specific distinctions
[24] among different brain voxel regions. Common CNN
architectures designed for natural images lack the capacity to
modify their topologies [25]. Currently, there is a notable
absence of a DL framework that simultaneously considers both
brain morphology and voxel regions connectivity for assessing
brain aging. In addition, there is insufficient evidence to compare
and quantify the clinical application value of the brain age gap
and the relationship between narrowing MAEs with improving
clinical application performance.

This Study
Here we proposed a novel graph-based DL framework, a brain
vision graph neural network (BVGN), which uses deformable
kernels to extract brain morphological features and incorporated
a graph neural network (GNN) to characterize voxel regions
connectivity. We pioneered the adaptation of vision GNN [26],
a backbone widely researched in natural image processing, to
the domain of brain aging by extending its framework to 3D
MRI. The BVGN leveraged an individual’s standard
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T1-weighted MRI as input and generated the corresponding
neuroimaging biomarker-brain age gap to evaluate brain aging.
Subsequently, we constructed multiple logistics regression
models, each incorporating different types of input variables,
to classify data samples labeled as cognitively normal (CN) and
with mild cognitive impairment (MCI). We aimed to compare
and validate the effects of brain age gap against conventional
variables, including demographic factors, brain volume features,
apolipoprotein E4 (APOE4) carriage, and general cognitive
scales, in distinguishing CN and MCI states. In addition, we
assessed the combined utility of the brain age gap with the
Functional Activities Questionnaire (FAQ) cognitive assessment
and the impact of lower MAEs. Cox proportional hazards
regressions were performed separately using data from
participants classified as CN and those with MCI at baseline to
evaluate the potential of brain age gap as a risk biomarker for
cognitive decline over a 2-year follow-up period.

Methods

Dataset, Study Design, and Inclusion Criteria
Data used in the preparation of this paper were obtained from
the database of Alzheimer’s Disease Neuroimaging Initiative
(ADNI) studies [27-29]. The ADNI was launched in 2003 as a
public-private partnership, led by principal investigator Michael
W Weiner, MD. The primary goal of ADNI has been to test
whether serial MRI, positron emission tomography, other

biological markers, and clinical and neuropsychological
assessment can be combined to measure the progression of MCI
and early AD.

This study gathered 7851 T1-weighted MRI scans from ADNI-1,
ADNI-2, and ADNI-GO (Grand Opportunities) studies. The
research design comprised 2 sequential phases: development
and validation of the BVGN model for accurate brain age
estimation, and clinical effect validation of the BVGN-estimated
brain age gap metric by integrated cross-sectional and
longitudinal analysis. For BVGN model development, we
specifically chose 5889 scans from 1539 individuals that
contained cognitive states labels and met both the ADNI MRI
scanner protocols [30,31] and our strict training criteria (ie,
presenting complete structural information after preprocessing).
Data regarding the patient’s cognitive states were retrieved from
the ADNI web portal [32]. Only 1920 MRI scans of participants
classified as CN were used for training the BVGN model (Figure
1A). To ensure comprehensive model development and
evaluation, we divided the dataset consisting of participants
classified as CN into training set with validation set and test set
in a ratio of 8:2. The training set and validation set were used
for model training and hyperparameter setting, while the test
set was used to validate the performance of the model. A subset
of the UK Biobank (UKB) dataset [33] was used for external
validation to evaluate model generalizability. We curated 34,352
MRI scans, partitioned into training set (n=21,985, 64%),
validation set (n=5497, 16%), and test set (n=6870, 20%).

Figure 1. Flow diagram to show study design and inclusion criteria. (A) Brain vision graph neural network (BVGN) training and testing part; (B)
cross-sectional validation part; (C) longitudinal validation part. AD: Alzheimer disease; CN: cognitively normal; MCI: mild cognitive impairment;
MRI: magnetic resonance imaging.

Given the progressive nature of dementia caused by
neurodegenerative disorders, we excluded scans from
participants who experienced reversion from AD during the
follow-up period (Figure 1B). Following feature selection, 4245
MRI scans from 1349 participants were retained for
cross-sectional analysis. All scans were used for intergroup
comparisons, while only those from participants classified as
CN and those with MCI were used for logistic regression
analysis aiming at binary classification between CN and MCI.

To validate the performance of logistic regression models, the
dataset was split into training and test sets at an 8:2 ratio.

We combined various MRI scans from the same individual for
longitudinal analysis (Figure 1C). Specifically, we used a
dual-component longitudinal design to investigate the
trajectories of BVGN-estimated brain age gap across cognitive
progression groups and quantify cognitive decline risks through
Cox proportional hazard models. For the brain age gap trajectory
analysis, cognitive progression categories (CN-CN, CN-MCI
or CN-AD, MCI-CN or MCI-MCI, and MCI-AD) were stratified
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based on recorded cognitive states from baseline to a 2-year
follow-up. The inclusion criteria required participants to be
classified as either CN or having MCI at the baseline, yielding
1514 scans from 541 participants with MCI and 878 scans from
365 participants classified as CN.

To evaluate time-dependent cognitive decline, we conducted
Cox proportional hazards regression stratified by baseline
groups. We excluded 157 participants without follow-up data
and performed separate analyses for the baseline CN group
(tracking MCI conversion) and MCI group (tracking AD
conversion). The final analysis included 749 participants,
comprising 281 (37.5%) individuals classified as CN and 468
(62.5%) individuals with MCI, with the time-to-event defined
as the interval between baseline MRI and first observed
cognitive transition.

Quality Control and Data Preprocessing
For the ADNI dataset, each series within every examination
was subjected to a rigorous quality control process at the Mayo
Clinic. This involved 2 distinct levels of scrutiny—compliance
with protocol-specific parameters and an assessment of the
series-specific quality, such as the participant’s movement and
the extent of anatomical coverage. The quality of the scans was
evaluated by trained analysts who assigned a subjective
grade—scores of 1 to 3 were considered satisfactory, while a
score of 4 indicated a failure, rendering the scans unusable.
While the UKB dataset was only used to test the model’s
generalizability, all data also underwent standardized quality
control procedures [34].

The acquisition protocols of different datasets required data
preprocessing to ensure compatibility. The entire MRI
preprocessing pipeline could be divided into 4 steps. First, the
raw MRI data in neuroimaging informatics technology initiative

format underwent minimum-maximum normalization. Second,
nonbrain tissue, such as the skull and neck, was removed. In
the third step, each MRI was registered from its native space to

the standard Montreal Neurological Institute 152 1-mm3

template [35] chosen for registration in our study. Finally,
central cropping was performed on the complete MRI volume,

resulting in a final output size of 160×196×160 mm3. In addition,
further preprocessing steps were conducted to exclude MRIs
with incomplete brain structures, ensuring dataset quality. The
preprocessing pipeline was implemented using SimpleITK [36]
and FMRIB software library [37].

During the logistic and Cox regression modeling phase, z score
normalization was applied to numerical variables, while
categorical variables were transformed using one-hot encoding.

BVGN Model Development
Owing to the need for a large number of high-quality
handcrafted features in traditional methods [14] and because
inductive bias to brain structures is not effectively transferable
from natural images when applying classical DL architectures,
there are limitations in extracting features from irregular objects,
such as cortical sulcus and gyrus, as well as parenchyma using
grid-like convolution kernels that perform weighted summation
of pixel values at the centroid and its neighbors [25,38,39].
Furthermore, CNN architectures lack the ability to modify
topological relationships between voxel regions [22]. To address
these issues, we proposed an end-to-end framework called
BVGN (Figure 2), which used standardized MRIs to estimate
brain aging of individuals. To be more specific, BVGN makes
it easier to extract irregularly shaped structures in brain MRI
by superimposing deformable convolution kernels. A graph
CNN was used to model the relationship between different
regions.
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Figure 2. Overview of the brain vision graph neural network model. (A) A preprocessing pipeline was implemented, which involved converting gender
into 1-hot encoding and transforming raw magnetic resonance imaging (MRI) data into brain tissue located in a standard space. (B) Discretization layer,
the voxel space of brain is divided by the discretization layer, which uses a combination of multiple convolution modules and deformable convolution
modules. Subsequently, positional features and gender features are integrated into cubes. (C) Orthogonal average pooling module (coronal axis, sagittal
axis, transverse axis, the 3D feature cube is transformed into a 2D feature map). (D) Stacked graph neural network modules. (E) During training, the
image on the right illustrates that the supervised signal of back-propagation is computed by evaluating the Kullback-Leibler divergence between estimated
brain age and chronological age; whereas the image on the left depicts the model’s performance. BA: brain age; CA: chronological age.

The BVGN framework consists of 3 components: discretization
layer, stacked GNN layer, and aging distribution prediction
header. Specifically, standardized MRIs were discretized into
multiple cubes using nonoverlapping multiple deformable
convolutional modules [38], where each cube’s feature vectors
contained all information within the receptive field range of
deformable convolutional modules. In addition, an individual’s
sex and position information for each cube was incorporated
into the feature map by passing through a projection module,
modal-type embedding [40] and initializing a learnable
parameter matrix [41]. An orthogonal average pooling module
was implemented to project the 3D volumetric feature tensor
along 3 mutually perpendicular anatomical axes (coronal,
sagittal, and transverse). This dimensionality reduction operation
transforms the 3D spatial representation into a 2D feature map
while preserving critical spatial information across orthogonal
planes. Detailed explanations of Figure 2 are provided in
Multimedia Appendix 1.

The feature map was subsequently transformed into a graph
using Euclidean distance and nearest neighbors as the basis,
which was then input into a stacked GNN [26,42]. Importantly,
the dynamic construction of the graph during forward processing
relied on assessing similarity between feature maps at different
depths. Ultimately, aging probability distributions [43,44] were
obtained in the prediction header by integrating the feature map
through bottlenecked convolutional kernels [45], based on
predefined age ranges. Inspired by vision GNN [26], we
implemented 2 distinct neural network architectures—the
pyramid-shaped BVGN and the isotropic BVGN. The isotropic
BVGN was used for interpretability analyses, while the

pyramid-shaped BVGN was used to enhance overall
performance. Both architectures were initiated with an identical
discretization module featuring the same number of nodes.
However, as the network deepened, the isotropic BVGN
maintained a constant node count, ensuring uniform information
flow akin to the transformer model’s approach. In contrast, the
pyramid-shaped BVGN underwent a process of node
consolidation, progressively reducing the number of nodes to
form a pyramidal structure, echoing the hierarchical feature
extraction of CNNs in computer vision.

BVGN Model Training
The BVGN model was trained using multiple graphics
processing units to ensure efficient computation. For
optimization purposes, we implemented the stochastic gradient
descent optimizer with an initial learning rate of 0.01, aiming
to minimize the Kullback-Leibler divergence between the
predicted age distribution and label age distribution. To prevent
overfitting, an L2 weight decay coefficient value of 0.001 was
applied during training sessions lasting up to 160 epochs.
Furthermore, a batch size of 32 was adopted for improved
performance, while progressively decreasing the learning rate
by multiplying it with a factor of 0.7 after every consecutive
span of 30 epochs.

BVGN Model Performance and Generalizability
Evaluation
To objectively assess the performance of our framework, we
used MAE and Pearson correlation as validation metrics to
evaluate the efficacy of BVGN as a prediction model.
Furthermore, we simultaneously trained and tested the simple
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fully convolutional network (SFCN) and ResNet models on the
same dataset, ensuring a fair comparison. To validate the
model’s generalizability, we retrained it using the UKB dataset,
which is large scale and not restricted to disease-specific

populations. The detailed inclusion process and demographic
characteristics of the included UKB dataset are presented in
Figure 3 and Table S1 in Multimedia Appendix 1.

Figure 3. Flow diagram to show inclusion criteria for brain vision graph neural network’s (BVGN’s) generalizability. ICD: International Classification
of Diseases; MRI: magnetic resonance imaging.

BVGN Model Interpretation
In contrast to models exclusively relying on CNNs, BVGN
incorporates graph convolutional kernels to modify the
relationships among local regions. This enables BVGN to offer
interpretability not only through saliency maps but also by
considering pertinent properties of the graph structure. More
specifically, we first visualized a gradience-based saliency map
[45] for participants classified as CN and those with MCI and
AD. Subsequently, certified radiologists used the automated
anatomical labelling atlas to ascertain the specific brain regions
to which the saliency map corresponded. Furthermore, we
conceptualized the brain as a graph-based complex system and
characterized the interregional cooperative aging patterns by
analyzing the connectivity of critical nodes across different
hierarchical levels through data-driven visualization techniques.

Cross-Sectional Analysis: Intergroup Comparisons
and Logistic Regression
During cross-sectional analysis, each MRI scan was treated as
an individual sample, and all statistical analysis was conducted
accordingly. Numerical variables in demographics and selection
features were presented as mean (SD), while categorical
variables were presented as counts (n) and percentages (%).
Statistical comparisons between training and testing sets were
performed with 2-tailed significance. Specifically, the Student
t tests and a 1-way ANOVA were used for numerical variables,

and chi-square tests were used for categorical variables. A P<.05
was considered statistically significant.

For intergroup comparisons, we first characterized the
distribution of the brain age gap using the median and IQRs
across CN, MCI, and AD classifications. Subsequently, we used
the Kruskal-Wallis test followed by 1-tailed Dunn test to
evaluate potential significant differences in the brain age gap
among these groups, with a significance level set at P<.05.
Potential confounding effects were addressed through a multiple
linear regression model incorporating age and gender as
covariates.

We used multiple logistic regression models aiming at binary
classification between CN and MCI samples. Our objective was
to validate the diagnostic ability of the brain age gap compared
to other conventional variables and to assess the potential
clinical value of achieving lower MAEs in brain age gap
estimation. Inspired by previous studies, we considered the
brain age gap along with other relevant cognitive variables,
including demographic characteristics, general cognitive
assessments, brain volume features, and APOE4 carriage. Given
the simplicity and high discriminative and predictive power of
FAQ as reported by previous studies, we specifically
investigated the impact of combining the brain age gap with
FAQ to determine if their integration improves diagnostic
classification.
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Model performance was evaluated using metrics, including
accuracy, precision, recall, F1-score, the receiver operating
characteristic curves, and the area under the receiver operating
characteristic curves (AUCs).

We initially established a benchmark model incorporating only
demographic variables. Subsequently, brain age gap, various
cognitive assessment scores, brain volume characteristics, and
APOE4 carriage were added to the benchmark model to
construct various logistic regression models. A comprehensive
model integrating all the abovementioned variables was then
developed, and their coefficients were compared. These analyses
aimed to provide a holistic view in comparing the brain age gap
with conventionally recognized cognition-related variables.
Furthermore, we included both the FAQ and the brain age gap
in the benchmark model to explore their combined utility. We
also investigated the potential clinical value of lower MAEs by
including diverse brain age gaps estimated from models with
different precision, both in conjunction with the benchmark and
comprehensive models, and compared their performances.

Longitudinal Analysis: Brain Age Gap Trajectories
and Risk Quantification
We conducted a longitudinal analysis to investigate changes in
brain age gap across follow-up scans of the same participants
and assess the risk of brain age gap for cognitive decline. We
used BVGN, SFCN, and ResNet models to estimate brain age
gap across the total 2392 scans and depicted how the estimated
brain age gap changed over follow-up time in different
progression groups.

After excluding participants without follow-up records, we
performed Cox regression using the baseline brain age gap for
both the CN and MCI groups. This allowed us to evaluate the
association between brain age gap and cognitive decline, as well
as to quantify its hazard ratio (HR). We initially estimated the
HR of brain age gap using a univariate Cox proportional hazards
model, followed by adjustment for demographic features to
control for potential confounding bias. Subsequently, a
multivariable Cox proportional hazards model that included all
selected variables was used to assess the HR of the brain age
gap from a holistic view. In addition, we plotted Kaplan-Meier
survival curves stratified by the upper and lower 50% levels of
brain age gap in both CN and MCI groups to visualize the
performance of the brain age gap in predicting cognitive decline.

Ethical Considerations
Data used in the preparation of this paper were obtained from
the ADNI database. Consequently, the investigators within the

ADNI contributed to the design and implementation of ADNI
and provided data but did not participate in analysis or writing
of this report. A complete listing of ADNI investigators can be
found [46] on the internet.

Data collection and sharing for this project were funded by the
ADNI (National Institutes of Health grant U01 AG024904) and
DOD ADNI (Department of Defense grant
W81XWH-12-2-0012).

The data used in the preparation of this paper were obtained
from the UKB database. UKB has generic ethical approval from
the North West Multi-centre Research Ethics Committee as a
Research Tissue Bank (91486), and therefore researchers do
not require separate ethical clearance to use the resource.

Results

Demographics and Selection Variable Characteristics
During the BVGN development process, the sample sizes for
training, validating, and testing sets were 1228, 308, and 384,
respectively. As shown in Table S2 in Multimedia Appendix
1, the mean ages for the training with validating sets and testing
sets were 75.65 (SD 6.31) and 75.89 (SD 6.60) years,
respectively. The percentages of male individuals in the training
and validating set and testing set were 47.1% (724/1536) and
43.5% (167/384), respectively. No significant difference (P=.51)
was observed.

Table 1 details the basic information of the dataset for intergroup
comparison, which included 4245 MRI scans from 1349
participants. The discrepancy in participant count (1585 in Table
1) reflects instances where participants exhibited multiple
cognitive manifestations during the follow-up period, leading
to some being counted multiple times across groups.
Specifically, the dataset comprised 1500 MRI scans from 499
participants classified as CN, 2014 scans from 709 participants
with MCI, and 731 scans from 377 participants experiencing
AD. The mean age was 75.39 years for participants classified
as CN, 72.96 years for participants with MCI, and 74.76 years
for participants with AD. The percentage of male participants
was 46.1% (691/1500) for those classified as CN, 55.2%
(1112/2014) for those with MCI, and 49.3% (360/731) for those
with AD. Significant differences were observed between the
CN, MCI, and AD groups for both age and gender
characteristics.
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Table 1. Demographic characteristics for the dataset of group comparisons.

P valueADcMCIbCNa

—e73120141500MRId scans, n

—377709499Participantsf, n

<.00174.76 (7.53)72.96 (7.45)75.39 (6.06)Age (y), mean (SD)

<.001Gender, n (%)

360 (49.3)1112 (55.2)691 (46.1)Male

371 (50.7)902 (44.8)809 (53.9)Female

aCN: cognitively normal.
bMCI: mild cognitive impairment.
cAD: Alzheimer disease.
dMRI: magnetic resonance imaging.
eNot applicable.
fThe total number of participants (n=1585) in Table 1 included instances where some participants had multiple cognitive manifestations during follow-up,
leading to duplicates between groups. This total differed from the 1349 unique participants reported in Figure 1. Statistical analysis was performed by
ANOVA test for age and chi-square test for gender. Two-tailed significance was used, with P<.05 indicating the presence of significance.

For the logistic regression modeling process, 3514 scans were
included, with 2635 (74.99%) in the training set and 879
(25.01%) in the testing set. The characteristics of all variables

used in the logistic regression are presented in Table 2. No
significant differences were observed between training and
testing sets for all the selected variables.
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Table 2. Characteristics of selected variables in the training and testing datasets for logistic regression.

P valueTesting dataset (n=879)Training dataset (n=2635)Total dataset (n=3514)Variables

.7716.12 (2.79)16.09 (2.82)16.10 (2.81)Education (y), mean (SD)

.3712.32 (6.94)12.56 (7.12)12.50 (7.07)ADAS13a (points), mean (SD)

.6928.19 (1.93)28.23 (1.97)28.22 (1.96)MMSEb (points), mean (SD)

.8639.54 (11.85)39.46 (12.04)39.48 (11.99)RAVLT_Immc (points), mean (SD)

.344.97 (2.63)4.87 (2.67)4.89 (2.66)RAVLT_Learnd, (points), mean (SD)

.964.18 (2.75)4.17 (2.67)4.17 (2.69)RAVLT_Forgete (points), mean (SD)

.7248.60 (34.33)49.09 (35.78)48.97 (35.42)RAVLT_VF%f (points), mean (SD)

.2797.72 (58.60)95.31 (55.33)95.92 (56.17)TRABSCORg (points), mean (SD)

.411.98 (3.65)1.87 (3.45)1.90 (3.50)FAQh (points), mean (SD)

.6236.10 (19.75)36.48 (19.38)36.39 (19.47)Ventricles (cm3), mean (SD)

.367.02 (1.09)6.98 (1.10)6.99 (1.10)Hippocampus (cm3), mean (SD)

.113.65 (0.75)3.60 (0.73)3.62 (0.73)Entorhinal (cm3), mean (SD)

.2817.69 (2.69)17.58 (2.56)17.60 (2.59)Fusiform (cm3), mean (SD)

.7719.68 (2.88)19.71 (2.76)19.70 (2.79)MidTemp (cm3), mean (SD)

.651526.28 (160.80)1523.49 (157.98)1524.19 (158.67)ICVi (cm3), mean (SD)

.303.58 (4.68)3.79 (5.39)3.74 (5.22)BVGN_BAGj

.703.66 (4.67)3.73 (5.24)3.71 (5.10)SFCN_BAGk

.304.08 (4.76)4.30 (5.37)4.24 (5.23)ResNer_BAGl

.51Gender, n (%)

460 (52.3)1343 (51.0)1803 (51.3)Male

419 (47.7)1292 (49.0)1711 (48.7)Female

.71Marriage, n (%)

648 (73.7)1980 (75.1)2628 (74.8)Married

111 (12.6)289 (11.0)400 (11.4)Widowed

82 (9.3)256 (9.7)338 (9.6)Divorced

32 (3.6)96 (3.6)128 (3.6)Never married

6 (0.7)14 (0.5)20 (0.6)Unknown

.28APOE4_ε4m, n (%)

506 (57.6)1594 (60.5)2100 (59.8)0

314 (35.7)867 (32.9)1181 (33.6)1

59 (6.7)174 (6.6)233 (6.6)2

.99Cognitive states, n (%)

375 (42.7)1125 (42.7)1500 (42.7)CNn

504 (57.3)1510 (57.3)2014 (57.3)MCIo

aADAS13: Alzheimer’s Disease Assessment—Cognitive Subscale 13-item version.
bMMSE: Mini-Mental State Examination.
cRAVLT_Imm: Rey Auditory Verbal Learning Test_immediate.
dRAVLT_Learn: Rey Auditory Verbal Learning Test_learning.
eRAVLT_Forget: Rey Auditory Verbal Learning Test_forgetting.
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fRAVLT_VF%: Rey Auditory Verbal Learning Test_percentage_forgetting.
gTRABSCOR: trail making test part B, time (to complete in Neuropsychological Battery assessment).
hFAQ: Functional Activities Questionnaire.
iICV: intracranial volume.
jBVGN_BAG: brain age gap estimated by the brain vision graph neural network model.
kSFCN_BAG: brain age gap estimated by the simple fully convolutional network model.
lResNet_BAG: brain age gap estimated by the residual neural network model.
mAPOE4_ε4: number of apolipoprotein E ε4 alleles.
nCN: cognitively normal.
oMCI: mild cognitive impairment.

Performance and Generalizability of BVGN
We have simultaneously trained various strong baseline models
alongside our proposed model using the same training set and

explored their performance on the same test set. The results are
shown in Table 3.

Table 3. Performance of benchmark models and the brain vision graph neural network (BVGN) model.

PerformanceModels

Pearson correlation coefficient (r)MAEa (y)

0.763.033D ResNet15b

0.872.41SFCNc

0.793.08Isotropic BVGN

0.862.39Pyramid BVGN

0.922.49Pyramid BVGN (external validation)

aMAE: mean absolute error.
bResNet15: residual neural network with 15 layers.
cSFCN: simple fully convolutional network.

Our isotropic BVGN attained an MAE of 3.08 years, which was
slightly worse than the currently optimal model, SFCN,
specifically designed for the brain age gap estimation (with an
MAE of 2.41 years). After applying deformable convolutions,
our pyramid BVGN achieved the best performance among all
the tested models with an MAE of 2.39 years and a Pearson
correlation coefficient of 0.86 between the predicted and
chronological age.

The BVGN model, when retrained on the UKB dataset,
exhibited robust performance with an MAE of 2.49 years and
a Pearson correlation coefficient of 0.92 (Figure S1 in

Multimedia Appendix 1), underscoring its strong generalization
capacity.

Interpretability Analysis of BVGN
As shown in Figures 4A and 4B, the saliency map indicated
that our model exhibited a moderate focus on various dispersed
regions within the cortical layer, while notably emphasizing
relatively concentrated parenchymal regions. The regions of
concern of the model are different in the population identified
as CN (Figure 4C) and those with MCI (Figure 4D) and AD
(Figure 4E).
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Figure 4. Results for interpretability analysis.

In addition, we described the brain as a complex system by
extracting edge and node features from the last layer of an
isotropic BVGN backbone. In Figure 4B, the top nodes with
the highest degree centrality in the final layer of the isotropic
BVGN are depicted, showcasing both these central nodes and
their immediate neighboring nodes. This visualization provides
insights into the most influential regions within the brain’s voxel
network as determined by the BVGN’s analysis. Specifically,
key cortical areas involved the frontal lobe and
temporo-parieto-occipital regions, and parenchymal regions
included the corpus callosum, cingulate gyrus, and
parahippocampal gyrus, covering the striatum, thalamus, and
adjacent hippocampus. In Figures 4F-4H, we leveraged a
distinctive visualization approach inherent to the vision GNN
backbone to illustrate the spatiotemporal dynamics of
interregional aging patterns. The red star marks a specific voxel

block, and the most relevant regions are delineated through red
line connections.

Comparison of Brain Age Gap Among Different
Cognitive State Groups
The median of brain age gap was 0.32 (IQR 0.13-1.17) among
1500 CN samples, 4.42 (IQR 2.18-7.73) across 2014 samples
with MCI, and 5.20 (IQR 2.53-8.36) in 731 samples with AD
(Figure 5A). A statistically significant difference in brain age
gap was observed between AD and MCI (P=.008), with MCI
demonstrating a significantly higher gap than CN (P<.001),
indicating the potential of our model to better distinguish
between individuals classified as CN and those with MCI. The
results adjusted for age and gender are provided in Table S3 in
Multimedia Appendix 1, which were similar to the results
mentioned earlier.
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Figure 5. Results or group comparisons and receiver operating characteristic curve of multiple logistic regressions. ADAS: Alzheimer’s Disease
Assessment Scale; APOE4: apolipoprotein E 4 alleles; AUC: area under the receiver operating characteristic curve; BVGN: brain vision graph neural
network; CN: cognitively normal; FAQ: Functional Activities Questionnaire; MCI: mild cognitive impairment; MMSE: Mini-Mental State Examination;
RAVLT: Rey Auditory Verbal Learning Test; ResNet: residual neural network; SFCN: simple fully convolutional network; TRABSCOR: trail making
test part B, time.

Multiple Logistic Regression Models

Brain Age Gap Compared to Other Cognition-Related
Variables
Detailed metrics of various logistic regression analyses aiming
to compare brain age gap and other cognition-related variables
are provided in Table 4, while multiple receiver operating
characteristic curves and corresponding AUC scores are
illustrated in Figure 5B. Initially, the benchmark model,
including only demographic features, yielded an AUC of 0.588.
Subsequent incorporation of additional variables, such as FAQ

[47], Alzheimer’s Disease Assessment Scale-Cognitive
Subscale13-item version [48], Rey Auditory Verbal Learning
Test [49], Mini-Mental State Examination [50], trail making
test part B, time [51], brain volume features, APOE4 carriage,
and brain age gap led to improved AUC scores, reaching 0.815,
0.798, 0.777, 0.731, 0.646, 0.672, 0.660, and 0.885, respectively.
Notably, the comprehensive model encompassing all variables
achieved an AUC of 0.945, with the brain age gap exhibiting
the highest coefficient (Figure 6B). These results underscore
the robust and superior discriminative ability of the brain age
gap in distinguishing between CN and MCI samples.
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Table 4. Performance of the logistics regression models in classifying cognitive states: cognitively normal and mild cognitive impairment (brain age
gap versus conventional cognitive variables).

AUCaF1-scoreRecallPrecisionAccuracyInput features

0.9450.8950.8750.9150.882Overall

0.8850.8330.7840.8900.820Demographic+BVGN_BAGb

0.8420.8000.7640.8390.780Demographic+SFCN_BAGc

0.8000.7580.7020.8230.743Demographic+ResNet_BAGd

0.8150.7600.6690.8800.758Demographic+FAQe

0.7980.7490.7260.7740.721Demographic+ADASf

0.7770.7470.7360.7590.714Demographic+RAVLTg

0.7310.7170.7100.7230.678Demographic+MMSEh

0.6720.6870.7340.6460.617Demographic+brain volumes

0.6600.7120.7940.6450.631Demographic+APOE4i

0.6460.6800.7200.6440.611Demographic+TRABSCORj

0.5880.7130.9190.5830.577Demographic

aAUC: area under the receiver operating characteristic curve.
bBVGN_BAG: brain age gap estimated by the brain vision graph neural network model.
cSFCN_BAG: brain age gap estimated by the simple fully convolutional network model.
dResNet_BAG: brain age gap estimated by the residual neural network model.
eFAQ: Functional Activities Questionnaire.
fADAS: Alzheimer’s Disease Assessment Scale.
gRAVLT: Rey Auditory Verbal Learning Test.
hMMSE: Mini-Mental State Examination.
iAPOE4: apolipoprotein E ε4 alleles.
jTRABSCOR: Trail Making Test Part B Time.
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Figure 6. (A) Visualization of longitudinal analysis for brain age gap from various models by progression groups over 2 years and (B) coefficients of
various variables in the brain vision graph neural network (BVGN) comprehensive logistics regression model discriminating between cognitively normal
(CN) and mild cognitive impairment (MCI). ADAS: Alzheimer's Disease Assessment Scale; APOE ε4: apolipoprotein E 4 alleles; AUC: area under
the receiver operating characteristic curve; FAQ: Functional Activities Questionnaire; ICV: intracranial volume; MMSE: Mini-Mental State Examination;
RAVLT: Rey Auditory Verbal Learning Test; ResNet: residual neural network; SFCN: simple fully convolutional network; TRABSCOR: trail making
test part B, time.

Combined Performance of Brain Age Gap With FAQ
In the comprehensive logistics regression model of BVGN,
FAQ demonstrated the second-largest coefficient following
brain age gap (Figure 6B). When comparing the comprehensive
models that included all selective variables with another model
incorporating demographic variables, brain age gap and FAQ,
minimal declines in AUCs were observed—BVGN decreased
by 0.011 (from 0.945 to 0.935), SFCN by 0.024 (from 0.923 to
0.900), and ResNet by 0.031 (from 0.911 to 0.881; Table 5;

Figure 5C). Notably, BVGN exhibited the smallest AUC
reduction when all variables except FAQ were missing,
outperforming other frameworks. In addition, with only
demographic variables, brain age gap, and FAQ, BVGN could
provide a higher AUC (0.935) compared to other frameworks,
even when all selective features were incorporated (SFCN:
AUC=0.923; ResNet: AUC=0.911). This underscored the
combined efficiency of FAQ and brain age gap, as well as the
robustness of BVGN in scenarios with missing variables.
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Table 5. Performance of logistics regression models: brain age gaps evaluated by models with different precisions (mean absolute errors) and combined
utility of brain age gap with Functional Activity Questionnaire (FAQ).

AUCaF1-scoreRecallPrecisionAccuracyInput features and model

Overall

0.9450.8950.8750.9150.882BVGNb

0.9230.8670.8450.8890.851SFCNc

0.9110.8470.8190.8770.830ResNetd

Demographic+brain age gap+FAQ

0.9350.8690.8330.9070.856BVGN

0.9000.8490.8080.8950.835SFCN

0.8810.8210.7760.8730.807ResNet

Demographic+brain age gap

0.8850.8330.7840.8900.820BVGN

0.8420.8000.7640.8390.780SFCN

0.8000.7580.7020.8230.743ResNet

aAUC: area under the receiver operating characteristic curve.
bBVGN: brain vision graph neural network.
cSFCN: simple fully convolutional network.
dResNet: residual neural network.

Potential Clinical Value of Lower MAEs in Brain Age
Gap Estimation
In assessing the potential clinical utility of models with lower
MAEs, our BVGN model consistently outperformed SFCN and
ResNet models (Table 5), both in the simplified model
comprising only demographic features and brain age gap and
in the comprehensive model incorporating all variables. Notably,
brain age gap estimated by BVGN demonstrated the highest
AUCs (Figure 5C). Specifically, in the simplified model, BVGN
achieved AUCs of 0.885, while SFCN and ResNet yielded
AUCs of 0.842 and 0.800, respectively. Similarly, in the
comprehensive model, BVGN achieved AUCs of 0.945,
surpassing SFCN and ResNet with AUCs of 0.923 and 0.911,
respectively. These findings were consistent with the ranking
of MAEs obtained from these 3 frameworks, indicating that
models with lower MAEs might have the potential to enhance
the model’s discriminatory ability.

Longitudinal Value of BVGN

Brain Age Gap Trajectories in 2 Years
The number of MRI scans for CN-CN, CN-MCI or CN-AD,
MCI-CN or MCI-MCI, and MCI-AD were 849, 29, 1261, and
253, respectively.

As illustrated in Figure 6A, we observed consistent ordering of
brain age gaps across progression groups in all the frameworks
over the 2-year period (MCI-AD>MCI-CN or
MCI-MCI>CN-MCI or CN-AD>CN-CN). Moreover, brain age
gaps tended to decrease over the 2-year follow-up period in
each progression group in both the SFCN and ResNet models,

as well as in all groups in the BVGN model except the CN-MCI
or CN-AD group. However, in the BVGN model, an interesting
increase in the brain age gap was observed in the CN-MCI or
CN-AD group.

Risk Evaluation by Brain Age Gap
Among the 281 individuals classified as CN at the baseline, 12
(4.3%) declined to MCI, while 269 (95.7%) remained in the
CN state. Among the 468 participants with MCI at the baseline,
74 (15.8%) declined to AD while 394 (84.2%) remained in the
MCI state or improved to the CN state.

Both univariable Cox regression models and
demographic-adjusted as well as fully adjusted multivariable
models demonstrated that the brain age gap was a significant
risk factor for cognitive decline in both the CN and MCI groups
(Table S4 in Multimedia Appendix 1). In the univariable model,
the HR for brain age gap was 1.55 (95% CI 1.13-2.13) in the
CN group and 1.29 (95% CI 1.09-1.51) in the MCI group. For
the CN group, the HR for the brain age gap was 1.47 (95% CI
1.06-2.05) in the demographic-adjusted model and increased
to 2.13 (95% CI 1.01-4.47) in the fully adjusted model. In the
MCI group, the HR was 1.30 (95% CI 1.10-1.53) for the
demographic-adjusted model and 1.24 (95% CI 1.03-1.48) for
the fully adjusted model.

The Kaplan-Meier curves indicated that in both CN (Figure 7A)
and MCI (Figure 7B) groups, the survival curve for the lower
50% of the brain age gap group was higher than that for the
upper 50% group. This finding aligned with the HRs, suggesting
that a higher level of brain age gap was associated with an
increased risk of cognitive decline.
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Figure 7. Visualization of Kaplan-Meier curves stratified by the upper and lower 50% levels of brain age gap in both (A) cognitively normal and (B)
mild cognitive impairment (MCI) groups. AD; Alzheimer disease.

Discussion

Principal Findings
In summary, this study proposed a novel framework, BVGN,
for brain age estimation. This model not only introduced an
innovative modeling approach but also achieved lower MAEs
(2.39 years) compared to current state-of-the-art frameworks
for brain age gap estimation. It also demonstrated a robust
performance on a large-scale external dataset, maintaining strong
generalizability (MAE=2.49 years; r=0.92; Figure S1 in
Multimedia Appendix 1). In addition, BVGN offers an
interpretable analysis approach not found in other DL models,
which reveals patterns of coaging between brain regions by
visualizing the locations of neighboring nodes associated with
high-importance nodes. In our study, BVGN provided
interpretable attention regions corroborated by medical evidence.
Our validation experiments demonstrated its robust performance
in MCI diagnosis, its capacity as a risk biomarker for cognitive
decline, and its potential to aid in screening and clinical
applications.

BVGN integrates deformable convolutional kernels and a
dynamic graph for brain age gap estimation. To the best of our
knowledge, this work represents the first successful application
of vision GNN to T1-weighted MRI data without requiring
additional brain segmentation, achieving competitive
performance. Unlike 3D CNNs, which process brain images as
regular voxel grids and struggle with the inherently irregular
morphological characteristics of cerebral regions, often resulting
in redundant computations and information loss, BVGN
leverages graph-structured representations to preserve complex
anatomical features. The integration of deformable convolutional
kernels enables the model to focus on specific pathological
patterns while suppressing extraneous noise, thereby enhancing
local feature modeling [34]. Furthermore, the topological
properties of graph structures facilitate multiregional feature
aggregation across distant brain regions [38,39], a capability
unattainable by grid-based CNNs. To strengthen age prediction
accuracy, we transformed age from a discrete numerical variable
into a smoothed probability distribution, preserving its continuity
and capturing interval similarity [40,41,49,50]. Comparative

evaluations demonstrate superior performance of BVGN over
existing CNN-based models such as BrainAgeNeXt, achieving
an MAE of 2.39 versus 2.78 years, and maintaining robust
generalization capabilities (MAE=2.49 years; r=0.92) on the
UKB dataset after retraining. Structure-functional coupling has
garnered increasing attention in neuroscience, with graph-based
modeling serving as a critical analytical framework [52]. For
instance, structural connectivity derived from diffusion-weighted
imaging via white matter fiber tractography and functional
connectivity computed from functional MRI are commonly
represented as adjacency matrices in graph structures. The
framework, being graph-based in design, is inherently more
scalable and adaptable to the aforementioned MRI modalities
compared to other DL approaches, providing an interface with
modal-type embedding for early feature fusion [40]. This
capability not only enhances multimodal integration but also
helps mitigate the semantic gap across different MRI modalities
[53].

We found substantial evidence validating the BVGN’s focused
brain regions associated with cognitive decline, which provided
strong interpretability for our model. The frontal lobes exhibited
particularly prominent changes within an annual 0.87%
reduction in overall cortical volume [54], while the
temporo-parieto-occipital junction was intricately involved in
high-level human neurological functions, such as language,
memory, calculation, and writing [55]. Shape characteristics in
the corpus callosum were demonstrated to have potential for
distinguishing cognitive deterioration [56,57], and the cingulate
gyrus was implicated in the onset of neurodegenerative and
psychiatric disorders [58]. In addition, the parahippocampal
gyrus integrates signals from the limbic and neocortex,
predicting later memory [59], and the fractional anisotropy
alterations in the parahippocampal white matter have been
observed across AD stages [60,61].

In recent years, despite the substantial academic focus on the
brain age gap, questions have persisted regarding its reliability
as a clinical tool compared to cognitive assessments for
diagnosing cognitive decline. After multiple experiments that
incorporated various kinds of input variables to distinguish CN
and MCI, our findings revealed that except for the trail making
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test part B, time (AUC=0.646), cognitive assessments exhibited
AUCs from 0.731 to 0.815, which surpassed both the AOPE4
carriage (AUC=0.660) and brain volume characteristics
(AUC=0.672), and were inferior to brain age gap (AUC=0.885).
While cognitive assessments provided affordability, the
subjective bias among clinical practitioners might impact
diagnosis [62], with limitations in sensitivity observed in certain
cases, such as mild levels of impairment [32], subjective deficits,
and healthy cognitive aging [63]. According to our findings,
our model could offer alternative and more objective evaluations
for clinical settings, potentially reducing physicians’ workload
and enhancing convenience.

The FAQ is a 10-item collateral-report scale with 4-point ordinal
responses per item, totaling 0 to 30 points, with higher scores
indicating greater functional impairment [64]. This makes it
highly accessible in clinical settings and convenient for clinical
practitioners. Scientific publications have demonstrated its good
internal consistency and high discriminative validity for
differentiating between CN and MCI, as well as between MCI
and very mild AD [65,66]. Its high predictive validity in
detecting individuals at risk of progression from MCI to AD
and from CN to MCI has also been reported [47]. In our study,
we observed minimal reductions in AUCs when comparing
models that incorporated all selective variables and models with
only demographic variables, brain age gap, and FAQ. Our
selected demographic variables, education years, gender, and
marriage status, were deliberately straightforward. This
simplicity would enhance the feasibility of our proposed model
for clinical applications, especially in cases of uncertain MCI
diagnosis. By integrating basic demographics, FAQ responses,
and T1-weighted MRI scans, our BVGN model could serve as
a reliable assistant tool for clinicians in MCI diagnosis.

In our comprehensive model that integrated brain age gap,
cognitive assessments, and other relevant variables, we observed
the highest AUC of 0.945 in classification tasks. The integration
of variables from diverse perspectives might contribute to
improving performance. In addition, we observed brain age gap
possessed the highest variable coefficient, with each scalarized
unit increase associated with a 10.6 times higher risk of MCI.
This further supported the brain age gap’s capacity in MCI
diagnosis.

Furthermore, our analysis revealed a relationship between model
performance, as indicated by lower MAEs, and superior
performance in discriminating between CN and MCI.
Specifically, BVGN, SFCN, and ResNet achieved MAEs of
2.39, 2.41, and 2.65 years, respectively. Their corresponding
AUCs in the simplified and comprehensive logistics models for
classifying CN and MCI were 0.885, 0.842, and 0.800 and 0.945,
0.923, and 0.911. This finding underscored the importance of
striving for minimal MAE in model development for enhanced
predictive accuracy in subsequent cognitive decline tasks.

During longitudinal analysis, we observed an increase in the
brain age gap derived from BVGN in CN-MCI or CN-AD
progression group within 2 years after baseline. This increase
was not observed in either SFCN or ResNet models. This group
of participants classified as “CN” might be some individuals at
high risk who have already experienced early pathological

changes related to dementia yet remain classified as “CN” due
to the absence of noticeable cognitive impairments. This finding
supported BVGN as a sensitive marker for identifying
participants at high risk who, despite being classified as “CN,”
were likely to progress to MCI in a few years. Existing scientific
research suggests that MCI can be reversible to a certain extent,
whereas AD, which is associated with significant cognitive
degeneration, is challenging to reverse once it has progressed
[67-69]. Therefore, early identification of these individuals at
high risk for MCI is of great significance for better patient
prognosis.

Multiple Cox proportional hazard models and Kaplan-Meier
curves revealed a clear association between a higher brain age
gap and an increased risk of cognitive decline. Specifically,
each 1-unit increase in the brain age gap was associated with a
55% higher risk of cognitive decline in the CN group and a 29%
increased risk in the MCI group. This finding underscored the
brain age gap derived from BVGN as a sensitive risk biomarker
for cognitive decline. Notably, the brain age gap appeared more
sensitive in the CN groups. This observation aligned with
existing research, which indicated the ability of the brain age
gap to detect subtle preclinical or early neurodegenerative
changes in populations classified as CN [70,71].

In clinical settings, the BVGN-estimated brain age gap serves
as a tool for detecting cognitive decline and assessing the
efficacy of innovative therapeutic interventions. For example,
in the United States, 2 antiamyloid monoclonal antibodies,
lecanemab (brand name Leqembi) and aducanumab (brand name
Aduhelm) [72,73], have been approved for the treatment of AD.
Despite the potential therapeutic benefits, these interventions
are not devoid of inherent risks. Patients require vigilant
monitoring for potential side effects, such as amyloid-related
imaging abnormalities and infusion reactions, particularly at
the onset of treatment. Currently, imaging provides limited
insight into a patient’s therapeutic response. However, BVGN
could theoretically offer a novel approach by capturing changes
in brain age pre- and posttreatment with monoclonal antibodies.
This could provide an objective measure of a patient’s response
to the medication, enhancing our ability to assess the efficacy
of these treatments.

Limitations and Future Directions
The limitation of BVGN lies in its inability to evaluate the
performance and interpretability analysis results on larger
datasets. In addition, the use of 3D deformable convolutional
kernels in BVGN leads to increased computational costs during
the training process when compared to other DL models. Our
proposed DL-based brain aging framework is specifically
designed for the early screening and prediction of
neurodegenerative diseases. Epidemiological and neuroimaging
studies indicate that structural alterations linked to
neurodegenerative processes begin to manifest or accelerate
after the age of 50 years [74]. To better capture brain age
deviations closely associated with these pathological conditions,
we selected individuals aged >45 years as our study population.
This age threshold ensures the inclusion of individuals at the
critical transition phase where neurodegeneration-related
biomarkers become detectable. However, extending this
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framework to the entire life span remains essential to
comprehensively understand age-related neurodegenerative
processes and identify potential early intervention strategies
across all life stages.

Despite its limitations, BVGN remains a valuable tool in the
study of brain aging, as it surpasses cognitive assessments, brain
volume features, and susceptibility genes in classifying
participants as CN and those with MCI, and has been
demonstrated to be a risk factor for cognitive decline. This
underscores the effectiveness of the brain age gap, estimated
through individual MRI using BVGN, as an impactful
neuroimaging biomarker. Furthermore, BVGN introduces graph
theory analysis as a novel component of interpretability for the
first time in brain age gap estimation. In the future, we will
leverage the advantages of GNNs in brain analysis, and integrate
them with other modalities of medical imaging to further
enhance our framework and provide a more robust
interpretability analysis based on graph theory. Future work
will focus on 3 key directions to enhance the clinical utility and
scientific depth of our framework. First, we will explore diverse
graph convolutional feature aggregation mechanisms to optimize
computational efficiency, enabling broader deployment in
real-world clinical environments. Second, we aim to integrate
multimodal MRI data by converting different imaging sequences
(eg, T1-weighted, T2-weighted, and fluid attenuated inversion

recovery) into graph-based representations within the BVGN
framework. This multimodal integration will not only enhance
the accuracy of brain aging quantification but also enable
systematic investigation of cross-modal interactions underlying
neurodegenerative processes. Finally, we plan to extend our
framework across the entire life span to uncover age-specific
aging patterns and their associations with disease progression.

Conclusions
This study proposed a novel DL framework, BVGN, for accurate
brain age estimation. Our BVGN model used deformable
convolutional kernel to capture brain complex morphology and
graph theory to model brain topology, which was applicable to
the biological nature of brain MRI. BVGN achieved a superior
MAE of 2.39 years in the same testing set compared to other
methods, with its attention region aligning with medical
evidence of cognitive decline. The robust capacity of
BVGN-derived brain age gap was validated through both
cross-sectional and longitudinal analysis, which outperformed
all conventional tools in aiding the diagnosis of MCI and was
sensitive for identifying individuals at high risk for future MCI.
The BVGN model can precisely evaluate brain aging and predict
cognitive decline, offering substantial potential for improving
early identification of neurodegenerative disorders and
enhancing clinical applications.

Acknowledgments
This work was supported by the National Natural Science Foundation for Young Scientists of China (grant 82203984), the Healthy
Zhejiang One Million People Cohort (grant K-20230085), the Zhejiang Provincial Key Laboratory of Intelligent Preventive
Medicine (grant 2020E10004), the Leading Innovative and Entrepreneur Team Introduction Program of Zhejiang (grant
2019R01007), and the Key Research and Development Program of Zhejiang Province (grant 2020C03002).

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) is funded by the National Institute on Aging and the National Institute
of Biomedical Imaging and Bioengineering, and through generous contributions from the following: AbbVie, Alzheimer’s
Association; Alzheimer’s Drug Discovery Foundation; Araclon Biotech; BioClinica, Inc; Biogen; Bristol-Myers Squibb Company;
CereSpir, Inc; Cogstate; Eisai Inc; Elan Pharmaceuticals, Inc; Eli Lilly and Company; EuroImmun; F. Hoffmann-La Roche Ltd
and its affiliated company Genentech, Inc; Fujirebio; GE Healthcare; IXICO Ltd; Janssen Alzheimer Immunotherapy Research
& Development, LLC; Johnson & Johnson Pharmaceutical Research & Development LLC; Lumosity; Lundbeck; Merck & Co,
Inc; Meso Scale Diagnostics, LLC; NeuroRx Research; Neurotrack Technologies; Novartis Pharmaceuticals Corporation; Pfizer
Inc; Piramal Imaging; Servier; Takeda Pharmaceutical Company; and Transition Therapeutics. The Canadian Institutes of Health
Research is providing funds to support ADNI clinical sites in Canada. Private sector contributions are facilitated by the Foundation
for the National Institutes of Health [75]. The grantee organization is the Northern California Institute for Research and Education,
and the study is coordinated by the Alzheimer’s Therapeutic Research Institute at the University of Southern California. ADNI
data are disseminated by the Laboratory for Neuro Imaging at the University of Southern California.

The data for external validation was obtained from the UK Biobank database [76].

Authors' Contributions
WL, XW, and ZL contributed to conceptualization, data curation, methodology, funding acquisition, project administration,
resources, supervision, Writing, review, and editing. ZL, JL, and JL contributed to data curation, formal analysis, investigation,
methodology, validation, visualization, software support, writing the original draft, writing, review, and editing. MW, AX, YH,
QY, LZ, and YL contributed to investigation, validation, visualization, writing, review, and editing. MW contributed to data
curation and methodology. JB contributed to writing, review, editing, methodology, validation, and resources.

Conflicts of Interest
None declared.

JMIR Aging 2025 | vol. 8 | e73004 | p. 18https://aging.jmir.org/2025/1/e73004
(page number not for citation purposes)

Li et alJMIR AGING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Multimedia Appendix 1
Supplementary tables, figures, and detailed brain vision graph neural network (BVGN) architecture: exhaustive demographics
for BVGN development and generalizability validation, Dunn-corrected intergroup comparisons, Cox regression results for
brain-age-gap risk, and scatter plot performance across external cohorts.
[DOCX File , 59 KB-Multimedia Appendix 1]

References

1. Kanasi E, Ayilavarapu S, Jones J. The aging population: demographics and the biology of aging. Periodontol 2000. Oct
2016;72(1):13-18. [doi: 10.1111/prd.12126] [Medline: 27501488]

2. Kehler DS. Age-related disease burden as a measure of population ageing. Lancet Public Health. Mar 2019;4(3):e123-e124.
[FREE Full text] [doi: 10.1016/S2468-2667(19)30026-X] [Medline: 30851865]

3. Ferri CP, Prince M, Brayne C, Brodaty H, Fratiglioni L, Ganguli M, et al. Global prevalence of dementia: a Delphi consensus
study. Lancet. Dec 17, 2005;366(9503):2112-2117. [FREE Full text] [doi: 10.1016/S0140-6736(05)67889-0] [Medline:
16360788]

4. Grimm A, Eckert A. Brain aging and neurodegeneration: from a mitochondrial point of view. J Neurochem. Nov
2017;143(4):418-431. [FREE Full text] [doi: 10.1111/jnc.14037] [Medline: 28397282]

5. Azam S, Haque ME, Balakrishnan R, Kim IS, Choi DK. The ageing brain: molecular and cellular basis of neurodegeneration.
Front Cell Dev Biol. 2021;9:683459. [FREE Full text] [doi: 10.3389/fcell.2021.683459] [Medline: 34485280]

6. Ran C, Yang Y, Ye C, Lv H, Ma T. Brain age vector: a measure of brain aging with enhanced neurodegenerative disorder
specificity. Hum Brain Mapp. Nov 2022;43(16):5017-5031. [FREE Full text] [doi: 10.1002/hbm.26066] [Medline: 36094058]

7. Muñoz-Ramírez V, Kmetzsch V, Forbes F, Meoni S, Moro E, Dojat M. Subtle anomaly detection: application to brain MRI
analysis of de novo Parkinsonian patients. Artif Intell Med. Mar 2022;125:102251. [FREE Full text] [doi:
10.1016/j.artmed.2022.102251] [Medline: 35241258]

8. Lerch JP, van der Kouwe AJ, Raznahan A, Paus T, Johansen-Berg H, Miller KL, et al. Studying neuroanatomy using MRI.
Nat Neurosci. Feb 23, 2017;20(3):314-326. [FREE Full text] [doi: 10.1038/nn.4501] [Medline: 28230838]

9. Cole JH, Marioni RE, Harris SE, Deary IJ. Brain age and other bodily 'ages': implications for neuropsychiatry. Mol Psychiatry.
Feb 2019;24(2):266-281. [FREE Full text] [doi: 10.1038/s41380-018-0098-1] [Medline: 29892055]

10. Cole JH, Franke K. Predicting age using neuroimaging: innovative brain ageing biomarkers. Trends Neurosci. Dec
2017;40(12):681-690. [FREE Full text] [doi: 10.1016/j.tins.2017.10.001] [Medline: 29074032]

11. Rokicki J, Wolfers T, Nordhøy W, Tesli N, Quintana DS, Alnaes D, et al. Multimodal imaging improves brain age prediction
and reveals distinct abnormalities in patients with psychiatric and neurological disorders. Hum Brain Mapp. Apr 15,
2021;42(6):1714-1726. [FREE Full text] [doi: 10.1002/hbm.25323] [Medline: 33340180]

12. Mishra S, Beheshti I, Khanna P. A review of neuroimaging-driven brain age estimation for identification of brain disorders
and health conditions. IEEE Rev Biomed Eng. 2023;16:371-385. [doi: 10.1109/RBME.2021.3107372] [Medline: 34428153]

13. Cearns M, Hahn T, Baune BT. Recommendations and future directions for supervised machine learning in psychiatry.
Transl Psychiatry. Oct 22, 2019;9(1):271. [FREE Full text] [doi: 10.1038/s41398-019-0607-2] [Medline: 31641106]

14. Baecker L, Garcia-Dias R, Vieira S, Scarpazza C, Mechelli A. Machine learning for brain age prediction: introduction to
methods and clinical applications. EBioMedicine. Oct 2021;72:103600. [FREE Full text] [doi: 10.1016/j.ebiom.2021.103600]
[Medline: 34614461]

15. Lee WH, Antoniades M, Schnack HG, Kahn RS, Frangou S. Brain age prediction in schizophrenia: does the choice of
machine learning algorithm matter? Psychiatry Res Neuroimaging. Apr 30, 2021;310:111270. [FREE Full text] [doi:
10.1016/j.pscychresns.2021.111270] [Medline: 33714090]

16. Baecker L, Dafflon J, da Costa PF, Garcia-Dias R, Vieira S, Scarpazza C, et al. Brain age prediction: a comparison between
machine learning models using region- and voxel-based morphometric data. Hum Brain Mapp. Jun 01, 2021;42(8):2332-2346.
[FREE Full text] [doi: 10.1002/hbm.25368] [Medline: 33738883]

17. LeCun Y, Bengio Y, Hinton G. Deep learning. Nature. May 28, 2015;521(7553):436-444. [doi: 10.1038/nature14539]
[Medline: 26017442]

18. Kolbeinsson A, Filippi S, Panagakis Y, Matthews PM, Elliott P, Dehghan A, et al. Accelerated MRI-predicted brain ageing
and its associations with cardiometabolic and brain disorders. Sci Rep. Nov 17, 2020;10(1):19940. [FREE Full text] [doi:
10.1038/s41598-020-76518-z] [Medline: 33203906]

19. Wood DA, Kafiabadi S, Busaidi AA, Guilhem E, Montvila A, Lynch J, et al. Accurate brain-age models for routine clinical
MRI examinations. Neuroimage. Apr 01, 2022;249:118871. [FREE Full text] [doi: 10.1016/j.neuroimage.2022.118871]
[Medline: 34995797]

20. He S, Feng Y, Grant PE, Ou Y. Deep relation learning for regression and its application to brain age estimation. IEEE Trans
Med Imaging. Sep 2022;41(9):2304-2317. [FREE Full text] [doi: 10.1109/TMI.2022.3161739] [Medline: 35320092]

21. F A, La Rosa RF, Sather A, Rechtman E, Jalees M, Nabeel I, et al. MRI signature of brain age underlying post- traumatic
stress disorder in World Trade Center responders. medRxiv. Preprint posted online on October 19, 2024. [FREE Full text]
[doi: 10.1101/2024.10.18.24315761]

JMIR Aging 2025 | vol. 8 | e73004 | p. 19https://aging.jmir.org/2025/1/e73004
(page number not for citation purposes)

Li et alJMIR AGING

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=aging_v8i1e73004_app1.docx&filename=0d24d3296abad340da999328c13e8bea.docx
https://jmir.org/api/download?alt_name=aging_v8i1e73004_app1.docx&filename=0d24d3296abad340da999328c13e8bea.docx
http://dx.doi.org/10.1111/prd.12126
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27501488&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2468-2667(19)30026-X
http://dx.doi.org/10.1016/S2468-2667(19)30026-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30851865&dopt=Abstract
https://europepmc.org/abstract/MED/16360788
http://dx.doi.org/10.1016/S0140-6736(05)67889-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16360788&dopt=Abstract
https://europepmc.org/abstract/MED/28397282
http://dx.doi.org/10.1111/jnc.14037
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28397282&dopt=Abstract
https://europepmc.org/abstract/MED/34485280
http://dx.doi.org/10.3389/fcell.2021.683459
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34485280&dopt=Abstract
https://europepmc.org/abstract/MED/36094058
http://dx.doi.org/10.1002/hbm.26066
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36094058&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0933-3657(22)00016-1
http://dx.doi.org/10.1016/j.artmed.2022.102251
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35241258&dopt=Abstract
https://core.ac.uk/reader/190593176?utm_source=linkout
http://dx.doi.org/10.1038/nn.4501
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28230838&dopt=Abstract
https://europepmc.org/abstract/MED/29892055
http://dx.doi.org/10.1038/s41380-018-0098-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29892055&dopt=Abstract
http://hdl.handle.net/10044/1/55564
http://dx.doi.org/10.1016/j.tins.2017.10.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29074032&dopt=Abstract
https://europepmc.org/abstract/MED/33340180
http://dx.doi.org/10.1002/hbm.25323
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33340180&dopt=Abstract
http://dx.doi.org/10.1109/RBME.2021.3107372
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34428153&dopt=Abstract
https://doi.org/10.1038/s41398-019-0607-2
http://dx.doi.org/10.1038/s41398-019-0607-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31641106&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2352-3964(21)00393-5
http://dx.doi.org/10.1016/j.ebiom.2021.103600
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34614461&dopt=Abstract
https://europepmc.org/abstract/MED/33714090
http://dx.doi.org/10.1016/j.pscychresns.2021.111270
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33714090&dopt=Abstract
https://europepmc.org/abstract/MED/33738883
http://dx.doi.org/10.1002/hbm.25368
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33738883&dopt=Abstract
http://dx.doi.org/10.1038/nature14539
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26017442&dopt=Abstract
https://doi.org/10.1038/s41598-020-76518-z
http://dx.doi.org/10.1038/s41598-020-76518-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33203906&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1053-8119(22)00001-5
http://dx.doi.org/10.1016/j.neuroimage.2022.118871
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34995797&dopt=Abstract
https://europepmc.org/abstract/MED/35320092
http://dx.doi.org/10.1109/TMI.2022.3161739
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35320092&dopt=Abstract
https://www.medrxiv.org/content/10.1101/2024.10.18.24315761v1
http://dx.doi.org/10.1101/2024.10.18.24315761
http://www.w3.org/Style/XSL
http://www.renderx.com/


22. Zhang Z, Cui P, Zhu W. Deep learning on graphs: a survey. IEEE Trans Knowl Data Eng. Jan 1, 2022;34(1):249-270. [doi:
10.1109/TKDE.2020.2981333]

23. Peng H, Xie P, Liu L, Kuang X, Wang Y, Qu L, et al. Morphological diversity of single neurons in molecularly defined
cell types. Nature. Oct 06, 2021;598(7879):174-181. [FREE Full text] [doi: 10.1038/s41586-021-03941-1] [Medline:
34616072]

24. Tadić B, Andjelković M, Melnik R. Functional geometry of human connectomes. Sci Rep. Aug 19, 2019;9(1):12060.
[FREE Full text] [doi: 10.1038/s41598-019-48568-5] [Medline: 31427676]

25. Despotović I, Goossens B, Philips W. MRI segmentation of the human brain: challenges, methods, and applications. Comput
Math Methods Med. 2015;2015:450341. [FREE Full text] [doi: 10.1155/2015/450341] [Medline: 25945121]

26. Han K, Wang Y, Guo J, Tang Y, Wu E. Vision GNN: an image is worth graph of nodes. In: Proceedings of the 36th
International Conference on Neural Information Processing Systems. 2022. Presented at: NIPS'22; November 28-December
9, 2022; New Orleans, LA. [doi: 10.48550/arXiv.2206.00272]

27. Weiner MW, Veitch DP. Introduction to special issue: overview of Alzheimer's disease neuroimaging initiative. Alzheimers
Dement. Jul 2015;11(7):730-733. [FREE Full text] [doi: 10.1016/j.jalz.2015.05.007] [Medline: 26194308]

28. Toga AW, Crawford KL. The Alzheimer's disease neuroimaging initiative informatics core: a decade in review. Alzheimers
Dement. Jul 2015;11(7):832-839. [FREE Full text] [doi: 10.1016/j.jalz.2015.04.004] [Medline: 26194316]

29. Weiner MW, Kanoria S, Miller MJ, Aisen PS, Beckett LA, Conti C, et al. Overview of Alzheimer's disease neuroimaging
initiative and future clinical trials. Alzheimers Dement. Jan 2025;21(1):e14321. [FREE Full text] [doi: 10.1002/alz.14321]
[Medline: 39711072]

30. Esteban J, Starr A, Willetts R, Hannah P, Bryanston-Cross P. A Review of data fusion models and architectures: towards
engineering guidelines. Neural Comput Appl. Jun 21, 2005;14(4):273-281. [doi: 10.1007/s00521-004-0463-7]

31. Jack CRJ, Bernstein MA, Fox NC, Thompson P, Alexander G, Harvey D, et al. The Alzheimer's Disease Neuroimaging
Initiative (ADNI): MRI methods. J Magn Reson Imaging. Apr 2008;27(4):685-691. [FREE Full text] [doi:
10.1002/jmri.21049] [Medline: 18302232]

32. Cullen B, O'Neill B, Evans JJ, Coen RF, Lawlor BA. A review of screening tests for cognitive impairment. J Neurol
Neurosurg Psychiatry. Aug 2007;78(8):790-799. [FREE Full text] [doi: 10.1136/jnnp.2006.095414] [Medline: 17178826]

33. Miller KL, Alfaro-Almagro F, Bangerter NK, Thomas DL, Yacoub E, Xu J, et al. Multimodal population brain imaging in
the UK Biobank prospective epidemiological study. Nat Neurosci. Nov 2016;19(11):1523-1536. [FREE Full text] [doi:
10.1038/nn.4393] [Medline: 27643430]

34. Mansour L S, Di Biase MA, Smith RE, Zalesky A, Seguin C. Connectomes for 40,000 UK Biobank participants: a
multi-modal, multi-scale brain network resource. Neuroimage. Dec 01, 2023;283:120407. [FREE Full text] [doi:
10.1016/j.neuroimage.2023.120407] [Medline: 37839728]

35. Fonov V, Evans AC, Botteron K, Almli CR, McKinstry RC, Collins DL. Unbiased average age-appropriate atlases for
pediatric studies. Neuroimage. Jan 01, 2011;54(1):313-327. [FREE Full text] [doi: 10.1016/j.neuroimage.2010.07.033]
[Medline: 20656036]

36. Yaniv Z, Lowekamp BC, Johnson HJ, Beare R. SimpleITK image-analysis notebooks: a collaborative environment for
education and reproducible research. J Digit Imaging. Jun 27, 2018;31(3):290-303. [FREE Full text] [doi:
10.1007/s10278-017-0037-8] [Medline: 29181613]

37. Jenkinson M, Beckmann CF, Behrens TE, Woolrich MW, Smith SM. FSL. Neuroimage. Aug 15, 2012;62(2):782-790.
[doi: 10.1016/j.neuroimage.2011.09.015] [Medline: 21979382]

38. Dai J, Qi H, Xiong Y, Li Y, Zhang G, Hu H. Deformable convolutional networks. In: Proceedings of the IEEE International
Conference on Computer Vision. 2017. Presented at: ICCV 2017; October 22-29, 2017; Venice, Italy. [doi:
10.1109/iccv.2017.89]

39. Zhu X, Hu H, Lin S, Dai J. Deformable ConvNets V2: more deformable, better results. In: Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2019. Presented at: CVPR 2019; June 15-20, 2019; Long Beach,
CA. [doi: 10.1109/cvpr.2019.00953]

40. Kim W, Son B, Kim I. ViLT: vision-and-language transformer without convolution or region supervision. In: Proceedings
of the 38th International Conference on Machine Learning. 2021. Presented at: ICML 2021; July 18-21, 2021; Online. [doi:
10.48550/arXiv.2102.03334]

41. Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X, Unterthiner T, et al. An image is worth 16x16 words:
transformers for image recognition at scale. In: Proceedings of the Ninth International Conference on Learning
Representations. 2021. Presented at: ICLR 2021; May 3-7, 2021; Online. [doi: 10.48550/arXiv.2010.11929]

42. Li G, Müller M, Thabet A, Ghanem B. DeepGCNs: can GCNs go as deep as CNNs? In: Proceedings of the IEEE/CVF
International Conference on Computer Vision. 2019. Presented at: ICCV 2019; October 27-November 02, 2019; Seoul,
Korea (South). [doi: 10.1109/iccv.2019.00936]

43. Huo Z, Yang X, Xing C, Zhou Y, Hou P, Lv J. Deep age distribution learning for apparent age estimation. In: Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition Workshops. 2016. Presented at: CVPRW 2016; June
26-July 01, 2016; Las Vegas, NV. [doi: 10.1109/cvprw.2016.95]

JMIR Aging 2025 | vol. 8 | e73004 | p. 20https://aging.jmir.org/2025/1/e73004
(page number not for citation purposes)

Li et alJMIR AGING

XSL•FO
RenderX

http://dx.doi.org/10.1109/TKDE.2020.2981333
https://europepmc.org/abstract/MED/34616072
http://dx.doi.org/10.1038/s41586-021-03941-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34616072&dopt=Abstract
https://doi.org/10.1038/s41598-019-48568-5
http://dx.doi.org/10.1038/s41598-019-48568-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31427676&dopt=Abstract
https://doi.org/10.1155/2015/450341
http://dx.doi.org/10.1155/2015/450341
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25945121&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2206.00272
https://europepmc.org/abstract/MED/26194308
http://dx.doi.org/10.1016/j.jalz.2015.05.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26194308&dopt=Abstract
https://europepmc.org/abstract/MED/26194316
http://dx.doi.org/10.1016/j.jalz.2015.04.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26194316&dopt=Abstract
https://escholarship.org/uc/item/qt1v19v3js
http://dx.doi.org/10.1002/alz.14321
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39711072&dopt=Abstract
http://dx.doi.org/10.1007/s00521-004-0463-7
https://europepmc.org/abstract/MED/18302232
http://dx.doi.org/10.1002/jmri.21049
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18302232&dopt=Abstract
https://europepmc.org/abstract/MED/17178826
http://dx.doi.org/10.1136/jnnp.2006.095414
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17178826&dopt=Abstract
https://europepmc.org/abstract/MED/27643430
http://dx.doi.org/10.1038/nn.4393
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27643430&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1053-8119(23)00558-X
http://dx.doi.org/10.1016/j.neuroimage.2023.120407
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37839728&dopt=Abstract
https://europepmc.org/abstract/MED/20656036
http://dx.doi.org/10.1016/j.neuroimage.2010.07.033
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20656036&dopt=Abstract
https://europepmc.org/abstract/MED/29181613
http://dx.doi.org/10.1007/s10278-017-0037-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29181613&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2011.09.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21979382&dopt=Abstract
http://dx.doi.org/10.1109/iccv.2017.89
http://dx.doi.org/10.1109/cvpr.2019.00953
http://dx.doi.org/10.48550/arXiv.2102.03334
http://dx.doi.org/10.48550/arXiv.2010.11929
http://dx.doi.org/10.1109/iccv.2019.00936
http://dx.doi.org/10.1109/cvprw.2016.95
http://www.w3.org/Style/XSL
http://www.renderx.com/


44. Gao BB, Zhou HY, Wu J, Geng X. Age estimation using expectation of label distribution learning. In: Proceedings of the
Twenty-Seventh International Joint Conference on Artificial Intelligence. 2018. Presented at: IJCAI 2018; July 13-19,
2018; Stockholm, Sweden. [doi: 10.24963/ijcai.2018/99]

45. Simonyan K, Vedaldi A, Zisserman A. Deep inside convolutional networks: visualising image classification models and
saliency maps. In: Proceedings of the International Conference on Learning Representations. 2014. Presented at: ICLR
2014; April 14-16, 2014; Banff, AB. [doi: 10.48550/arXiv.1312.6034]

46. Acknowledgement list for ADNI Publications. Alzheimer's Disease Neuroimaging Initiative. URL: https://adni.loni.usc.edu/
wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf [accessed 2025-07-18]

47. Marshall GA, Zoller AS, Lorius N, Amariglio RE, Locascio JJ, Johnson KA, et al. Functional activities questionnaire items
that best discriminate and predict progression from clinically normal to mild cognitive impairment. Curr Alzheimer Res.
2015;12(5):493-502. [FREE Full text] [doi: 10.2174/156720501205150526115003] [Medline: 26017560]

48. Skinner J, Carvalho JO, Potter GG, Thames A, Zelinski E, Crane PK, et al. The Alzheimer's Disease Assessment
Scale-Cognitive-Plus (ADAS-Cog-Plus): an expansion of the ADAS-Cog to improve responsiveness in MCI. Brain Imaging
Behav. Dec 22, 2012;6(4):489-501. [FREE Full text] [doi: 10.1007/s11682-012-9166-3] [Medline: 22614326]

49. Schoenberg MR, Dawson KA, Duff K, Patton D, Scott JG, Adams RL. Test performance and classification statistics for
the Rey Auditory Verbal Learning Test in selected clinical samples. Arch Clin Neuropsychol. Oct 2006;21(7):693-703.
[doi: 10.1016/j.acn.2006.06.010] [Medline: 16987634]

50. Chun CT, Seward K, Patterson A, Melton A, MacDonald-Wicks L. Evaluation of available cognitive tools used to measure
mild cognitive decline: a scoping review. Nutrients. Nov 08, 2021;13(11):3974. [FREE Full text] [doi: 10.3390/nu13113974]
[Medline: 34836228]

51. Reitan RM. Validity of the trail making test as an indicator of organic brain damage. Percept Mot Ski. Dec 1958;8(7):271-276.
[doi: 10.2466/PMS.8.7.271-276]

52. Fotiadis P, Parkes L, Davis KA, Satterthwaite TD, Shinohara RT, Bassett DS. Structure-function coupling in macroscale
human brain networks. Nat Rev Neurosci. Oct 2024;25(10):688-704. [doi: 10.1038/s41583-024-00846-6] [Medline:
39103609]

53. Bao H, Wang W, Dong L, Liu Q, Mohammed OK, Aggarwal K, et al. VLMO: unified vision-language pre-training with
mixture-of-modality-experts. In: Proceedings of the 36th Conference on Neural Information Processing Systems. 2022.
Presented at: NeurIPS 2022; November 28-December 9, 2022; New Orleans, LA. [doi: 10.48550/arXiv.2111.02358]

54. Cox SR, Harris MA, Ritchie SJ, Buchanan CR, Valdés Hernández MC, Corley J, et al. Three major dimensions of human
brain cortical ageing in relation to cognitive decline across the eighth decade of life. Mol Psychiatry. Jun 04,
2021;26(6):2651-2662. [FREE Full text] [doi: 10.1038/s41380-020-00975-1] [Medline: 33398085]

55. De Benedictis A, Duffau H, Paradiso B, Grandi E, Balbi S, Granieri E, et al. Anatomo-functional study of the
temporo-parieto-occipital region: dissection, tractographic and brain mapping evidence from a neurosurgical perspective.
J Anat. Aug 2014;225(2):132-151. [FREE Full text] [doi: 10.1111/joa.12204] [Medline: 24975421]

56. Mangalore S, Mukku SS, Vankayalapati S, Sivakumar PT, Varghese M. Shape profile of corpus callosum as a signature
to phenotype different dementia. J Neurosci Rural Pract. Jan 2021;12(1):185-192. [FREE Full text] [doi:
10.1055/s-0040-1716805] [Medline: 33531781]

57. Kamal S, Park I, Kim YJ, Kim YJ, Lee U. Alteration of the corpus callosum in patients with Alzheimer's disease: deep
learning-based assessment. PLoS One. 2021;16(12):e0259051. [FREE Full text] [doi: 10.1371/journal.pone.0259051]
[Medline: 34941878]

58. Foster BL, Koslov SR, Aponik-Gremillion L, Monko ME, Hayden BY, Heilbronner SR. A tripartite view of the posterior
cingulate cortex. Nat Rev Neurosci. Mar 01, 2023;24(3):173-189. [FREE Full text] [doi: 10.1038/s41583-022-00661-x]
[Medline: 36456807]

59. Husain M. The parahippocampal region: organization and role in cognitive function. J Neurol Neurosurg Psychiatry.
2003;74:829. [FREE Full text] [doi: 10.1136/jnnp.74.6.829-a]

60. Dalboni da Rocha JL, Bramati I, Coutinho G, Tovar Moll F, Sitaram R. Fractional anisotropy changes in parahippocampal
cingulum due to Alzheimer's disease. Sci Rep. Feb 14, 2020;10(1):2660. [FREE Full text] [doi: 10.1038/s41598-020-59327-2]
[Medline: 32060334]

61. Salat DH, Tuch DS, van der Kouwe AJ, Greve DN, Pappu V, Lee SY, et al. White matter pathology isolates the hippocampal
formation in Alzheimer's disease. Neurobiol Aging. Feb 2010;31(2):244-256. [FREE Full text] [doi:
10.1016/j.neurobiolaging.2008.03.013] [Medline: 18455835]

62. McClintock AH, Fainstad T, Jauregui J, Yarris LM. Countering bias in assessment. J Grad Med Educ. Oct
2021;13(5):725-726. [FREE Full text] [doi: 10.4300/JGME-D-21-00722.1] [Medline: 34721804]

63. Hess C, Levy B, Hashmi AZ, Hogan J, Greenspan S, Elber A, et al. Subjective versus objective assessment of cognitive
functioning in primary care. J Am Board Fam Med. 2020;33(3):417-425. [FREE Full text] [doi:
10.3122/jabfm.2020.03.190265] [Medline: 32430373]

64. Pfeffer RI, Kurosaki TT, Harrah CHJ, Chance JM, Filos S. Measurement of functional activities in older adults in the
community. J Gerontol. May 1982;37(3):323-329. [doi: 10.1093/geronj/37.3.323] [Medline: 7069156]

JMIR Aging 2025 | vol. 8 | e73004 | p. 21https://aging.jmir.org/2025/1/e73004
(page number not for citation purposes)

Li et alJMIR AGING

XSL•FO
RenderX

http://dx.doi.org/10.24963/ijcai.2018/99
http://dx.doi.org/10.48550/arXiv.1312.6034
https://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
https://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
https://europepmc.org/abstract/MED/26017560
http://dx.doi.org/10.2174/156720501205150526115003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26017560&dopt=Abstract
https://europepmc.org/abstract/MED/22614326
http://dx.doi.org/10.1007/s11682-012-9166-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22614326&dopt=Abstract
http://dx.doi.org/10.1016/j.acn.2006.06.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16987634&dopt=Abstract
https://www.mdpi.com/resolver?pii=nu13113974
http://dx.doi.org/10.3390/nu13113974
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34836228&dopt=Abstract
http://dx.doi.org/10.2466/PMS.8.7.271-276
http://dx.doi.org/10.1038/s41583-024-00846-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39103609&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2111.02358
https://europepmc.org/abstract/MED/33398085
http://dx.doi.org/10.1038/s41380-020-00975-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33398085&dopt=Abstract
https://onlinelibrary.wiley.com/doi/10.1111/joa.12204
http://dx.doi.org/10.1111/joa.12204
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24975421&dopt=Abstract
http://www.thieme-connect.com/DOI/DOI?10.1055/s-0040-1716805
http://dx.doi.org/10.1055/s-0040-1716805
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33531781&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0259051
http://dx.doi.org/10.1371/journal.pone.0259051
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34941878&dopt=Abstract
https://europepmc.org/abstract/MED/36456807
http://dx.doi.org/10.1038/s41583-022-00661-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36456807&dopt=Abstract
https://jnnp.bmj.com/content/74/6/829.2
http://dx.doi.org/10.1136/jnnp.74.6.829-a
https://doi.org/10.1038/s41598-020-59327-2
http://dx.doi.org/10.1038/s41598-020-59327-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32060334&dopt=Abstract
https://europepmc.org/abstract/MED/18455835
http://dx.doi.org/10.1016/j.neurobiolaging.2008.03.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18455835&dopt=Abstract
https://europepmc.org/abstract/MED/34721804
http://dx.doi.org/10.4300/JGME-D-21-00722.1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34721804&dopt=Abstract
http://www.jabfm.org/cgi/pmidlookup?view=long&pmid=32430373
http://dx.doi.org/10.3122/jabfm.2020.03.190265
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32430373&dopt=Abstract
http://dx.doi.org/10.1093/geronj/37.3.323
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7069156&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


65. González DA, Gonzales MM, Resch ZJ, Sullivan AC, Soble JR. Comprehensive evaluation of the functional activities
questionnaire (FAQ) and its reliability and validity. Assessment. Jun 2022;29(4):748-763. [FREE Full text] [doi:
10.1177/1073191121991215] [Medline: 33543638]

66. Teng E, Becker BW, Woo E, Knopman DS, Cummings JL, Lu PH. Utility of the functional activities questionnaire for
distinguishing mild cognitive impairment from very mild Alzheimer disease. Alzheimer Dis Assoc Disord.
2010;24(4):348-353. [FREE Full text] [doi: 10.1097/WAD.0b013e3181e2fc84] [Medline: 20592580]

67. Ahmadzadeh M, Christie GJ, Cosco TD, Arab A, Mansouri M, Wagner KR, et al. Neuroimaging and machine learning for
studying the pathways from mild cognitive impairment to Alzheimer's disease: a systematic review. BMC Neurol. Aug 22,
2023;23(1):309. [FREE Full text] [doi: 10.1186/s12883-023-03323-2] [Medline: 37608251]

68. Öksüz N, Ghouri R, Taşdelen B, Uludüz D, Özge A. Mild cognitive impairment progression and Alzheimer's disease risk:
a comprehensive analysis of 3553 cases over 203 months. J Clin Med. Jan 17, 2024;13(2):518. [FREE Full text] [doi:
10.3390/jcm13020518] [Medline: 38256652]

69. Long JM, Holtzman DM. Alzheimer disease: an update on pathobiology and treatment strategies. Cell. Oct 03,
2019;179(2):312-339. [FREE Full text] [doi: 10.1016/j.cell.2019.09.001] [Medline: 31564456]

70. Cole JH, Ritchie SJ, Bastin ME, Valdés Hernández MC, Muñoz Maniega S, Royle N, et al. Brain age predicts mortality.
Mol Psychiatry. May 25, 2018;23(5):1385-1392. [FREE Full text] [doi: 10.1038/mp.2017.62] [Medline: 28439103]

71. Franke K, Gaser C. Ten years of BrainAGE as a neuroimaging biomarker of brain aging: what insights have we gained?
Front Neurol. 2019;10:789. [FREE Full text] [doi: 10.3389/fneur.2019.00789] [Medline: 31474922]

72. Cummings J. Anti-amyloid monoclonal antibodies are transformative treatments that redefine Alzheimer's disease therapeutics.
Drugs. May 15, 2023;83(7):569-576. [FREE Full text] [doi: 10.1007/s40265-023-01858-9] [Medline: 37060386]

73. Agarwal A, Gupta V, Brahmbhatt P, Desai A, Vibhute P, Joseph-Mathurin N, et al. Amyloid-related imaging abnormalities
in Alzheimer disease treated with anti-amyloid-β therapy. Radiographics. Sep 2023;43(9):e230009. [FREE Full text] [doi:
10.1148/rg.230009] [Medline: 37651273]

74. Yang Z, Wen J, Erus G, Govindarajan ST, Melhem R, Mamourian E, et al. Brain aging patterns in a large and diverse
cohort of 49,482 individuals. Nat Med. Oct 2024;30(10):3015-3026. [FREE Full text] [doi: 10.1038/s41591-024-03144-x]
[Medline: 39147830]

75. Raising private funds to expand NIH impact. The Foundation for the National Institutes of Health. URL: https://fnih.org/
[accessed 2025-05-29]

76. Health research data for the world. UK Biobank. URL: https://www.ukbiobank.ac.uk/ [accessed 2025-07-18]

Abbreviations
AD: Alzheimer disease
ADNI: Alzheimer’s Disease Neuroimaging Initiative
AUC: area under the receiver operating characteristic curve
BVGN: brain vision graph neural network
CN: cognitively normal
CNN: convolutional neural network
DL: deep learning
FAQ: Functional Activities Questionnaire
GNN: graph neural network
HR: hazard ratio
MAE: mean absolute error
MCI: mild cognitive impairment
MRI: magnetic resonance imaging
ResNet: residual neural network
SFCN: simple fully convolutional network
UKB: UK Biobank

Edited by N Schütz; submitted 23.02.25; peer-reviewed by C Yao, A Invernizzi; comments to author 15.05.25; revised version received
10.06.25; accepted 27.06.25; published 01.08.25

Please cite as:
Li Z, Li J, Li J, Wang M, Xu A, Huang Y, Yu Q, Zhang L, Li Y, Li Z, Wu X, Bu J, Li W
Development and Validation of a Brain Aging Biomarker in Middle-Aged and Older Adults: Deep Learning Approach
JMIR Aging 2025;8:e73004
URL: https://aging.jmir.org/2025/1/e73004
doi: 10.2196/73004
PMID:

JMIR Aging 2025 | vol. 8 | e73004 | p. 22https://aging.jmir.org/2025/1/e73004
(page number not for citation purposes)

Li et alJMIR AGING

XSL•FO
RenderX

https://europepmc.org/abstract/MED/33543638
http://dx.doi.org/10.1177/1073191121991215
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33543638&dopt=Abstract
https://europepmc.org/abstract/MED/20592580
http://dx.doi.org/10.1097/WAD.0b013e3181e2fc84
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20592580&dopt=Abstract
https://bmcneurol.biomedcentral.com/articles/10.1186/s12883-023-03323-2
http://dx.doi.org/10.1186/s12883-023-03323-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37608251&dopt=Abstract
https://www.mdpi.com/resolver?pii=jcm13020518
http://dx.doi.org/10.3390/jcm13020518
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38256652&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0092-8674(19)31007-4
http://dx.doi.org/10.1016/j.cell.2019.09.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31564456&dopt=Abstract
https://europepmc.org/abstract/MED/28439103
http://dx.doi.org/10.1038/mp.2017.62
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28439103&dopt=Abstract
https://europepmc.org/abstract/MED/31474922
http://dx.doi.org/10.3389/fneur.2019.00789
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31474922&dopt=Abstract
https://europepmc.org/abstract/MED/37060386
http://dx.doi.org/10.1007/s40265-023-01858-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37060386&dopt=Abstract
https://europepmc.org/abstract/MED/37651273
http://dx.doi.org/10.1148/rg.230009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37651273&dopt=Abstract
https://escholarship.org/uc/item/qt3j47g1md
http://dx.doi.org/10.1038/s41591-024-03144-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39147830&dopt=Abstract
https://fnih.org/
https://www.ukbiobank.ac.uk/
https://aging.jmir.org/2025/1/e73004
http://dx.doi.org/10.2196/73004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


©Zihan Li, Jun Li, Jiahui Li, Mengying Wang, Andi Xu, Yushu Huang, Qi Yu, Lingzhi Zhang, Yingjun Li, Zilin Li, Xifeng Wu,
Jiajun Bu, Wenyuan Li. Originally published in JMIR Aging (https://aging.jmir.org), 01.08.2025. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Aging,
is properly cited. The complete bibliographic information, a link to the original publication on https://aging.jmir.org, as well as
this copyright and license information must be included.

JMIR Aging 2025 | vol. 8 | e73004 | p. 23https://aging.jmir.org/2025/1/e73004
(page number not for citation purposes)

Li et alJMIR AGING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/

