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Deep learning-based brain age predicts
stroke recurrence in acute ischemic
cerebrovascular disease

Check for updates
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Jian Cheng6, Yubo Fan3, Yilong Wang1,2, Xingquan Zhao1,2,5, Hao Li1,2, Zixiao Li1,2,5 , Tao Liu3 &
Yongjun Wang1,2,5,7

Acute ischemic cerebrovascular disease (AICVD) exhibits high recurrence rates, necessitating novel
biomarkers for refined risk stratification.WhileMRI-derived brain age correlates with stroke incidence,
its prognostic utility for recurrence is unestablished. We developed the Mask-based Brain Age
estimation Network (MBA Net), a deep learning framework designed for AICVD patients. MBA Net
predicts contextual brain age (CBA) in non-infarcted regions by masking acute infarcts on T2-FLAIR
images, thereby mitigating the confounding effects of dynamic infarcts during acute-phase
neuroimaging. The model was trained on data from 5353 healthy individuals and then applied to a
multicenter cohort of 10,890 AICVD patients. Brain age gap (BAG), defined as the deviation between
CBA and chronological age, independently predicted stroke recurrence at both 3months and 5 years,
outperforming chronological age. Incorporating BAG into established prediction models significantly
improved discriminative performance. These findings support brain age’s potential utility in AI-driven
precision strategies for secondary stroke prevention.

Acute ischemic cerebrovascular disease (AICVD) is distinguished by high
recurrence rates, which impairs prognosis and imposes heavy burdens on
individuals and society1. Despite the administration of genotype-guided
antiplatelet therapy, a residual recurrence rate of approximately 6%persists2.
The identification of novel biomarkers capable of refining recurrence risk
stratification may facilitate more targeted therapeutic interventions and
improve long-term prognosis3.

Brain age, a comprehensive metric of brain health, is derived from
neuroimaging data through artificial intelligence (AI) algorithms4. The
deviation between brain age and chronological age, referred to as the brain
age gap (BAG), is increasingly recognized as a sensitivemarker for assessing
brain aging related to various diseases, such as neurodegenerative disorders,
stroke, and psychiatric diseases5–8. A BAG greater than 0 indicates that an
individual’s brain age exceeds their chronological age9. Several studies have
highlighted a strong correlation between BAG and vascular risk factors,

including hypertension, diabetes, and smoking10–12. Moreover, evidence
suggests that an increasedBAG is associatedwith an elevated risk of stroke13.
However, the relationship between BAG and stroke recurrence remains
unclear.

Given that stroke recurrence predominantly occurs during the acute
phase and clinical guidelines recommend the early initiation of antiplatelet
therapy in eligible patients, investigating the association between acute
phase brain age prediction and recurrence risk is of clinical significance14–17.
Previous research on brain age prediction in patients with ischemic cere-
brovascular disease has primarily focused on estimating whole-brain
age8,18,19. However, during the acute phase of ischemic stroke, magnetic
resonance imaging (MRI) phenotypes, such as infarct core and ischemic
penumbra, undergo rapid changes20. Variability in the time from symptom
onset to imaging completion, along with differences in infarct core growth
rates, contributes to the heterogeneity of whole-brain age prediction in the

1Department of Neurology, Beijing TiantanHospital, CapitalMedical University, Beijing, China. 2ChinaNational Clinical ResearchCenter forNeurological Diseases,
Beijing, China. 3Beijing Advanced Innovation Center for Biomedical Engineering, School of Biological Science and Medical Engineering, Beihang University,
Beijing, China. 4Tiantan Neuroimaging Center of Excellence, Beijing Tiantan Hospital, Capital Medical University, Beijing, China. 5Research Unit of Artificial
Intelligence in Cerebrovascular Disease, Chinese Academy of Medical Sciences, Beijing, China. 6School of Computer Science and Engineering, Beihang Uni-
versity, Beijing, China. 7Advanced Innovation Center for Human Brain Protection, Capital Medical University, Beijing, China. 8These authors contributed equally:
Hongyu Zhou, Ziyang Liu. e-mail: lizixiao2008@hotmail.com; tao.liu@buaa.edu.cn; yongjunwang@ncrcnd.org.cn

npj Digital Medicine |           (2025) 8:750 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-025-02161-5&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-025-02161-5&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-025-02161-5&domain=pdf
mailto:lizixiao2008@hotmail.com
mailto:tao.liu@buaa.edu.cn
mailto:yongjunwang@ncrcnd.org.cn
www.nature.com/npjdigitalmed


acute phase. Prioritizing the analysis of non-infarcted brain regions while
minimizing the impact of acute infarctsmayprovide a promising strategy to
enhance clinical applicability in patients with AICVD.

Hence, in the present study, we developed a Mask-based Brain Age
estimation Network (MBA Net) to predict the non-infarcted brain age,
termed the Contextual Brain Age (CBA). First, we trained and validated
MBA Net using T2-fluid-attenuated inversion recovery (T2-FLAIR) ima-
ging data from 5353 healthy individuals, with image masks generated
through an automated computational algorithm (Fig. 1a). Subsequently, we
applied MBA Net in a large, multicenter, prospective stroke cohort invol-
ving 10,890 patients with AICVD. For each patient, image masks were
constructed based on infarct regions. The masked T2-FLAIR images were
then processed through theMBANet to estimate the CBA and calculate the
BAG (Fig. 1b). Furthermore, we demonstrated that BAG serves as an

independent predictor of both short-term and long-term stroke recurrence
risk in patients with AICVD (Fig. 1c).

Results
Mask-based Brain Age estimation Network and contextual
brain age
During the training phase of MBA Net, 5353 T2-FLAIR images from
healthy individuals were employed, sourced from two publicly accessible
datasets and one community cohort: the Open Access Series of Imaging
Studies (OASIS), the Alzheimer’s Disease Neuroimaging Initiative (ADNI),
and the PolyvasculaR Evaluation of Cognitive Impairment and Stroke
(PRECISE) (SupplementaryTable 1)21–23. Thehealthy datasetwas randomly
divided into training (80%, n = 4265), validation (10%, n = 544), and test
(10%, n = 544) subsets. The validation set was utilized for model

Fig. 1 |Overview of the study design. aTraining procedure of theMask-based Brain
Age estimationNetwork (MBANet). Themodel was developed to predict consistent
brain age values for both masked and unmasked T2 fluid-attenuated inversion
recovery (T2-FLAIR) images in heathy individuals. b Inference phase of contextual
brain age (CBA) for patients with acute ischemic cerebrovascular disease (AICVD).
The infarct lesion segmentation maps were converted into rectangular masks and

subsequently applied to T2-FLAIR images to generate the corresponding masked
T2-FLAIR images. These images were then processed through the MBA Net to
estimate CBA and calculate the brain age gap (BAG). c Clinical application of the
BAG in AICVD. For each additional year of BAG, the risks of stroke recurrence
increased by 9% at 3 months and by 7% at 5 years.
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optimization, including performance monitoring (loss and mean absolute
error [MAE]), hyperparameter tuning (i.e., learning rate and consistency
regularization weight), and early stopping to prevent overfitting. To
enhance the model’s generalizability in acute ischemic cerebrovascular
contexts, simulated lesionmasks were applied to healthy T2-FLAIR images
during training as a data augmentation technique. MBANet demonstrated
high predictive accuracy, achieving anMAE of 1.58 years (R² = 0.92) on the
training set and3.27years (R²=0.89) on the test set.Comparative evaluation
against existing models showed the superior performance of MBA Net, as
detailed in SupplementaryTable 2.Amongparticipants in the test set, a one-
way analysis of variance revealed no significant differences in mean BAG
values across cohorts. In contrast, analysis of covariance adjusting for age
and sex indicated significantdifferences inBAGvalues (F = 81.2,p < 0.0001)
and chronological age (F = 390.7, p < 0.0001), but not in sex distribution
(F = 3.4, p = 0.07) (Supplementary Table 3).

In the inference process, the model estimated the CBA of 10,890
patients with AICVD from the Third China National Stroke Registry
(CNSR-III) study (Supplementary Fig. 1, Supplementary Table 1)24. All
included patients underwent high-quality T2-FLAIR and diffusion-
weighted imaging (DWI) scans. Baseline characteristics of both included
and excluded patients from the CNSR-III study are detailed in Supple-
mentary Table 4. To enable lesion-aware inference, infarct regions were
segmented from DWI scans using a pre-trained nnUNet model25. Corre-
sponding lesionmasks were represented by minimum bounding rectangles
and applied to the respective T2-FLAIR images. Thesemasked images were
then input into MBA Net for CBA estimation. MBA Net exhibited robust
performance in predicting CBA, as shown by MAE = 4.21 years, R2 = 0.91.
The mean CBA was 62.4 ± 12.4 years, while the mean BAG was 0.2 ± 5.3

years (Supplementary Table 1). Scatterplots illustrating the relationships
amongCBA,BAG, and chronological age are shown inFig. 2.Notably, there
was no significant correlation between BAG and chronological age
(r = 0.004, p = 0.65).

To evaluate the effect of lesion masking on brain age estimation, BAG
values derived from masked inputs (i.e., CBA) were compared with those
from unmasked inputs (i.e., standard brain age) in patients with AICVD.
Theunmaskedbrain agewas estimatedusing the ScaledDensemodel,which
yielded anMAE of 4.0 years and an R² of 0.9126. Themean unmasked brain
age was 62.2 ± 12.3 years, with a corresponding mean BAG of −0.1 ± 5.0
years. Of note, unmaskedBAGwas significantly associatedwith the interval
from symptom onset to imaging (r = 0.02, p = 0.01), whereas masked BAG
showed no such association (r =−0.002, p = 0.86). Besides, unmasked BAG
demonstrated a negative correlation with infarct volume (r =−0.41,
p < 0.001). Despite the application of lesion-masking techniques, masked
BAG remained inversely correlated with infarct volume
(r =−0.38, p < 0.001).

Risk factors associated with BAG in patients with AICVD
The analysis of BAG across various clinical phenotypes revealed sig-
nificantly higher BAG levels in male patients, as well as in those with a
history of ischemic stroke, hypertension, diabetes mellitus, hypercholes-
terolemia, smoking, or pre-stroke dependency (defined as a pre-stroke
modified Rankin Scale [mRS] score of 2-5) (Supplementary Fig. 2). Fur-
thermore, multivariable linear regression analysis, incorporating the
aforementioned variables, identified significant associations between ele-
vated BAG levels andmale, medical history (ischemic stroke, hypertension,
and diabetes mellitus), as well as pre-stroke dependency (Table 1).

Association between BAG and the risk of stroke recurrence
During the short-term 3-month follow-up period, 6.1% (664/10,890) of
patients had a recurrent stroke, 6.6% (720/10,890) of patients had a com-
posite vascular event, and 5.7% (623/10,890) of patients had a new ischemic
stroke (Table 2). Over the subsequent long-term 5-year follow-up period,
15.7% (1707/10,890) of patients experienced recurrent stroke, 17.6% (1917/
10,890) had new composite vascular events, and 14.4% (1565/10,890)
encountered new ischemic stroke (Table 2).

Each additional year of BAG was associated with a 9% increase in the
risk of stroke recurrence (adjusted hazard ratios [HR] = 1.09, 95% con-
fidence interval [CI] = 1.07–1.11), an 8% increase in the risk of composite
vascular events (adjustedHR = 1.08, 95%CI = 1.07–1.10), and a9% increase
in the risk of ischemic stroke (adjusted HR = 1.09, 95% CI = 1.07–1.11)
within 3months (Table 2). Over a 5-year follow-up, the correspondingHRs
were 1.07 (95% CI = 1.06–1.08) for stroke recurrence, 1.06 (95%
CI = 1.05–1.07) for composite vascular events, and 1.07 (95%
CI = 1.06–1.08) for ischemic stroke (Table 2). Competing-risk analysis
using theFine-Graymodel,whichaccounted fordeathas a competing event,

Fig. 2 | Scatterplots illustrating the relationships
between contextual brain age (CBA), brain age
gap (BAG), and chronologic age. a Scatterplots of
CBA per chronological age. Yellow and orange cir-
cles indicatemale patients with positive and negative
BAG, respectively, while blue and purple penta-
grams represent female patients with positive and
negative BAG, respectively. b Scatterplots of BAG
per chronological age. Blue circles represent male
patients, and red pentagrams represent female
patients.

Table 1 | Multivariable linear regression of the clinical
phenotypes with brain age gap (BAG) in patients with acute
ischemic cerebrovascular disease

Clinical phenotypes BAG
coefficient

95% CI p Value

Lower Upper

Male 0.13 0.41 0.90 <0.0001

History of ischemic stroke 1.94 1.69 2.18 <0.0001

History of hypertension 0.64 0.43 0.84 <0.0001

History of diabetes mellitus 0.48 0.25 0.72 <0.0001

History of
hypercholesterolemia

0.01 −0.35 0.37 0.96

Previous or current smoking 0.14 −0.09 0.37 0.24

Pre-stroke mRS score 2-5 0.18 0.18 0.88 0.003

CI confidence interval,mRS modified Rankin Scale.
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confirmed that BAG remained independently associated with increased
risks of stroke recurrence, composite vascular events, and ischemic stroke at
both 3 months and 5 years (Table 2).

In the sensitivity analysis, patients were stratified by BAG using two
grouping strategies. The first approach divided patients into a positive BAG
group (BAG> 0) and a negative BAG group (BAG ≤ 0). Of the 10,890
patients included, 52.0% (5658) had a positive BAG and 48.1% (5242) had a
negative BAG (Supplementary Table 5). Patients with a positive BAG had a
significantly higher 3-month and 5-year risk of stroke recurrence than those
with a negative BAG (3months: adjusted HR = 2.23, 95%CI = 1.88–2.64; 5
years: adjustedHR = 1.62, 95%CI = 1.47–1.79). Similarly, positive BAGwas
independently associated with increased risk of composite vascular events
(3 months: adjusted HR = 2.03, 95% CI = 1.73–2.38; 5 years: adjusted
HR = 1.53, 95% CI = 1.39–1.68) and ischemic stroke (3 months: adjusted
HR = 2.34, 95% CI = 1.96–2.79; 5 years: adjusted HR = 1.60, 95%
CI = 1.44–1.78) (Supplementary Table 6). These findings were further
supported by consistent trends observed in the cumulative incidence curves
(Fig. 3a, b, Supplementary Figs. 3a, b and 4a, b).

In a secondary stratification analysis, patients were categorized into
three groups according to a BAG threshold of ±5 years, a cutoff selected to
approximate the MAE of 4.21 years observed in the CNSR-III cohort:
accelerated aging (BAG> 5), normal aging (−5 ≤ BAG ≤ 5), and

decelerated aging (BAG <−5). Among 10,890 patients, 7142 (65.6%) were
classified as normal aging, 1961 (18.0%) as accelerated aging, and 1787
(16.4%) as decelerated aging (Supplementary Table 7). Compared with the
normal aging group, patients in the accelerated aging group had sig-
nificantly increased risks of stroke recurrence (3 months: adjusted HR=
1.67, 95%CI = 1.40–1.98; 5 years: adjustedHR = 1.55, 95%CI = 1.38–1.73),
composite vascular events (3 months: adjusted HR = 1.62, 95%
CI = 1.37–1.92; 5 years: adjusted HR = 1.53, 95% CI = 1.37–1.70), and
ischemic stroke (3months: adjustedHR= 1.64, 95%CI = 1.37–1.97; 5 years:
adjusted HR= 1.52, 95% CI = 1.35–1.70). In contrast, the decelerated aging
group showed substantially reduced risks of stroke recurrence (3 months:
adjusted HR = 0.41, 95% CI = 0.30–0.55; 5 years: adjusted HR = 0.54, 95%
CI = 0.45–0.64), composite vascular events (3 months: adjusted HR = 0.51,
95% CI = 0.39–0.66; 5 years: adjusted HR = 0.64, 95% CI = 0.55–0.75), and
ischemic stroke (3months: adjustedHR= 0.42, 95%CI = 0.31–0.57; 5 years:
adjusted HR = 0.54, 95% CI = 0.46–0.65) (Supplementary Table 8).
Cumulative incidence curves were consistent with these associations (Fig.
3c, d, Supplementary Figs. 3c, d and 4c, d).

During the 3-month follow-up period, 51 patients experienced
hemorrhagic stroke,with the cumulative numberof events increasing to 170
at 5 years. In the binary BAG classification, no significant difference in the
3-month risk of hemorrhagic stroke was observed between the negative

Table 2 | Association between each one-year increase in brain age gap (BAG) and the risk of recurrent stroke in patients with
acute ischemic cerebrovascular disease

Outcomes Total events (%) Crude HR (95%CI) Crude SHR (95%CI) Adjusted HR (95%CI)b Adjusted SHR (95%CI)b

3 months

Stroke 664(6.1) 1.08(1.07–1.10) 1.08(1.07–1.10) 1.09(1.07–1.11) 1.09(1.07–1.11)

Composite vascular
eventsa

720(6.6) 1.07(1.06–1.09) 1.07(1.06–1.09) 1.08(1.07–1.10) 1.08(1.07–1.10)

Ischemic stroke 623(5.7) 1.09(1.07–1.10) 1.09(1.07–1.10) 1.09(1.07–1.11) 1.09(1.07–1.11)

1 year

Stroke 1043(9.6) 1.10(1.08–1.11) 1.10(1.08–1.11) 1.10(1.08–1.11) 1.10(1.08–1.11)

Composite vascular
eventsa

1117(10.3) 1.09(1.08–1.10) 1.09(1.08–1.10) 1.09(1.08–1.10) 1.09(1.08–1.10)

Ischemic stroke 959(8.8) 1.09(1.08–1.11) 1.10(1.08–1.11) 1.10(1.08–1.11) 1.10(1.08–1.11)

2 years

Stroke 1311(12.0) 1.08(1.07–1.09) 1.08(1.07–1.09) 1.08(1.07–1.09) 1.08(1.07–1.09)

Composite vascular
eventsa

1455(13.4) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.06–1.08)

Ischemic stroke 1205(11.1) 1.08(1.07–1.09) 1.08(1.07–1.09) 1.08(1.07–1.09) 1.08(1.07–1.09)

3 years

Stroke 1488(13.7) 1.08(1.07–1.09) 1.08(1.07–1.09) 1.07(1.06–1.08) 1.07(1.06–1.08)

Composite vascular
eventsa

1665(15.3) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.05–1.08) 1.06(1.05–1.07)

Ischemic stroke 1363(12.5) 1.07(1.06–1.09) 1.07(1.06–1.09) 1.07(1.06–1.08) 1.07(1.06–1.08)

4 years

Stroke 1610(14.8) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.06–1.08)

Composite vascular
eventsa

1803(16.6) 1.07(1.06–1.07) 1.06(1.06–1.07) 1.06(1.05–1.07) 1.06(1.05–1.07)

Ischemic stroke 1474(13.5) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.06–1.08)

5 years

Stroke 1707(15.7) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.06–1.08)

Composite vascular
eventsa

1917(17.6) 1.06(1.05–1.07) 1.06(1.05–1.07) 1.06(1.05–1.07) 1.06(1.05–1.07)

Ischemic stroke 1565(14.4) 1.07(1.06–1.08) 1.07(1.06–1.08) 1.07(1.05–1.08) 1.06(1.05–1.08)

BMIbodymass index,CI confidence interval,HRhazard ratio,mRSmodifiedRankinScale,NIHSSNational Institutes ofHealthStrokeScale,SHR subdistributed hazard ratio, TIA transient ischemic attack,
TOAST Trial of Org 10172 in Acute Stroke Treatment.
aComposite vascular events were defined as a composite of stroke, TIA, myocardial infarction, and vascular death.
bAdjusted model: age, sex, medical history (ischemic stroke, hypertension, and diabetes mellitus), pre-stroke mRS score, index event, NIHSS score, TOAST classification, and infarct volume.
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BAG and positive BAG groups (0.6% vs. 0.3%, p = 0.07). However, the
negative BAG group had a significantly higher risk of hemorrhagic stroke
compared to the positive BAG group at 5 years (2.1% vs. 1.0%, p < 0.001)
(Supplementary Table 9).When stratified by three-level BAG classification,
the risk of hemorrhagic stroke at both 3 months and 5 years was highest in
the accelerated aging group and lowest in the decelerated aging group, with
the normal aging group serving as reference (3 months: 0.8% vs. 0.5% vs.
0.1%, p = 0.01; 5 years: 2.5% vs. 1.5% vs. 0.7%, p < 0.001) (Supplementary
Table 10).

Interaction between risk factors and BAG in relation to stroke
recurrence
Interaction analyses were performed following stratification by age, sex,
body mass index (BMI), medical history (ischemic stroke, coronary heart
disease, hypertension, anddiabetesmellitus), smoking status, diagnosis, pre-
stroke mRS score, and Trial of Org 10172 in Acute Stroke Treatment

(TOAST) classification. Each one-year increase in the BAG was associated
with a higher risk of stroke recurrence at 3 months, except among patients
with other determined etiology. A significant interaction between BAG and
smoking status was observed for the 3-month recurrent stroke risk (Sup-
plementary Table 11). Furthermore, BAG remained independently asso-
ciated with an increased risk of stroke recurrence at 5 years, with the
exception of patients diagnosed with transient ischemic attack (TIA) or
those with other determined etiology. Interactions were significant between
BAG and chronological age, history of diabetes mellitus, and pre-stroke
mRS score in relation to 5-year stroke recurrence risk (Supplementary
Table 12).

Predictive performance of BAG for stroke recurrence
The predictive performance of BAG was evaluated in comparison with
chronological age for both short-term and long-term stroke recurrence.
BAG demonstrated superior discriminative ability relative to chronological

Fig. 3 | Cumulative probability of recurrent stroke stratified by brain age gap
(BAG) at 3months and 5 years.Time to outcome events were graphically presented
using Kaplan–Meier curves and compared by the log-rank test. (a) and (b) show
cumulative probability of recurrent stroke at 3 months and 5 years, respectively,
based on binary BAG classification (positive BAG: red line; negative BAG: blue line).
Adjusted covariates included age, sex, body mass index (BMI), medical history
(ischemic stroke, coronary heart disease, hypertension, and diabetes mellitus),
smoking history, pre-stroke modified Rankin Scale (mRS) score, National Institutes

of Health Stroke Scale (NIHSS) score, index event, and Trial of Org 10172 in Acute
Stroke Treatment (TOAST) classification. (c) and (d) present cumulative probability
at 3 months and 5 years, respectively, based on three-level BAG classification
(accelerated aging: red line; normal aging: blue line; decelerated aging: green line).
The multivariable model adjusted for age, sex, BMI, medical history (ischemic
stroke, hypertension, and diabetesmellitus), smoking history, pre-strokemRS score,
NIHSS score, index event, TOAST classification and infarct volume.
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age at 3months (C-statistic: 0.65 vs. 0.60,p < 0.0001) and5years (C-statistic:
0.66 vs. 0.62, p < 0.0001) (Table 3). Similar findings were observed for the
prediction of composite vascular events and recurrent ischemic stroke
(Table 3). Brier scores were comparable between BAG and chronological
age (Table 3).

To evaluate the incremental predictive value of BAG, we incorporated
it into established clinical prediction models: the Stroke Prognosis Instru-
ment (SPI-I), Stroke Prognosis Instrument II (SPI-II), Essen Stroke Risk
Score (ESRS), and RRE-90 scores for patients with acute ischemic stroke
(AIS), and the ABCD² score (age, blood pressure, clinical weakness, dura-
tion, and diabetes) for those with TIA27–31. Among patients with AIS, the
addition of BAG significantly improved risk stratification for stroke
recurrence at both 3 months and 5 years across all four models: SPI-I
(3 months: ΔC statistic = 0.08, net reclassification improvement [NRI]
=0.23, integrated discrimination improvement [IDI] = 0.01; 5 years: ΔC
statistic = 0.06,NRI = 0.24, IDI = 0.02), SPI-II (3months:ΔCstatistic = 0.07,
NRI = 0.23, IDI = 0.01; 5 years: ΔC statistic = 0.05, NRI = 0.23, IDI = 0.02),
ESRS (3 months: ΔC statistic = 0.10, NRI = 0.24, IDI = 0.01; 5 years: ΔC
statistic = 0.06, NRI = 0.25, IDI = 0.02), and RRE-90 scores (3 months: ΔC
statistic = 0.08, NRI = 0.22, IDI = 0.01; 5 years: ΔC statistic = 0.07, NRI =
0.27, IDI = 0.02) (Table 4). Conversely, the incorporation of BAG into the
ABCD² score yielded only modest improvements for patients with TIA
(Table 4).

To further evaluate the independent contribution of BAG, it was
integrated into multivariable Cox proportional hazards models that inclu-
ded conventional vascular risk factors, demographic characteristics, and
relevant clinical features. BAG significantly enhanced prediction of stroke
recurrence at 3 months and 5 years beyond the conventional clinical model
alone (3 months: ΔC statistic = 0.06, NRI = 0.21, IDI = 0.01; 5 years: ΔC
statistic = 0.03, NRI = 0.22, IDI = 0.02) (Table 5).

Discussion
In this study, we proposed a novel brain age prediction model, MBA Net,
specifically designed for patients with AICVD. This model enabled the
assessment of non-infarcted brain regions, thereby mitigating the influence
of acute ischemic infarction. The results demonstrate that BAG is an
independent predictor of both short-term and long-term risk of stroke
recurrence in patients with AICVD, with superior predictive performance

Table 3 | Prediction performance of brain age gap (BAG) and
chronological age on the risk of stroke recurrence in patients
with acute ischemic cerebrovascular disease

Outcomes C statistic
(95% CI)b

P value Brier score

3 months

Stroke

Chronological age 0.60 (0.58,0.63) Ref. 0.05

BAG 0.65 (0.63,0.68) <0.0001 0.05

Composite vascular eventsa

Chronological age 0.60 (0.57,0.62) Ref. 0.05

BAG 0.65 (0.63,0.67) <0.0001 0.05

Ischemic stroke

Chronological age 0.60 (0.57,0.62) Ref. 0.04

BAG 0.65 (0.63,0.68) <0.0001 0.04

1 year

Stroke

Chronological age 0.60 (0.58,0.62) Ref. 0.07

BAG 0.67 (0.65,0.69) <0.0001 0.07

Composite vascular eventsa

Chronological age 0.60 (0.58,0.62) Ref. 0.07

BAG 0.67 (0.65,0.69) <0.0001 0.07

Ischemic stroke

Chronological age 0.60 (0.58,0.62) Ref. 0.07

BAG 0.67 (0.65,0.69) <0.0001 0.07

2 years

Stroke

Chronological age 0.61 (0.59,0.63) Ref. 0.08

BAG 0.67 (0.65,0.69) <0.0001 0.08

Composite vascular eventsa

Chronological age 0.60 (0.58,0.62) Ref. 0.09

BAG 0.66 (0.64,0.68) <0.0001 0.09

Ischemic stroke

Chronological age 0.61 (0.59,0.63) Ref. 0.08

BAG 0.67 (0.65,0.69) <0.0001 0.08

3 years

Stroke

Chronological age 0.61 (0.59,0.63) Ref. 0.09

BAG 0.67 (0.65,0.68) <0.0001 0.09

Composite vascular eventsa

Chronological age 0.61 (0.59,0.62) Ref. 0.10

BAG 0.66 (0.64,0.67) <0.0001 0.10

Ischemic stroke

Chronological age 0.61 (0.59,0.63) Ref. 0.08

BAG 0.67 (0.65,0.68) <0.0001 0.08

4 years

Stroke

Chronological age 0.61 (0.60,0.63) Ref. 0.10

BAG 0.66 (0.65,0.68) <0.0001 0.10

Composite vascular eventsa

Chronological age 0.61 (0.59,0.62) Ref. 0.11

BAG 0.65 (0.64,0.67) <0.0001 0.11

Ischemic stroke

Chronological age 0.61 (0.60,0.63) Ref. 0.09

Table 3 (continued) | Prediction performance of brain age gap
(BAG) and chronological age on the risk of stroke recurrence
in patients with acute ischemic cerebrovascular disease

Outcomes C statistic
(95% CI)b

P value Brier score

BAG 0.66 (0.64,0.68) <0.0001 0.09

5 years

Stroke

Chronological age 0.62 (0.60,0.64) Ref. 0.10

BAG 0.66 (0.64,0.68) <0.0001 0.10

Composite vascular eventsa

Chronological age 0.61 (0.60,0.63) Ref. 0.11

BAG 0.65 (0.63,0.66) <0.0001 0.11

Ischemic stroke

Chronological age 0.62 (0.60,0.64) Ref. 0.10

BAG 0.66 (0.64,0.67) 0.0004 0.10

BMI body mass index, CI confidence interval, mRSmodified Rankin Scale, NIHSS National
Institutes of Health Stroke Scale, TIA transient ischemic attack, TOAST Trial of Org 10172 in Acute
Stroke Treatment.
aComposite vascular events were defined as a composite of stroke, TIA, myocardial infarction, and
vascular death.
bAdjusted model: age, sex, medical history (ischemic stroke, hypertension, and diabetes mellitus),
pre-stroke mRS score, index event, NIHSS score, TOAST classification, and infarct volume.
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Table 5 | Incremental predictive value of brain age gap (BAG)
for stroke recurrence beyond conventional clinical models

Outcomes Conventional clinical
modela

Conventional clinical
model+BAG

3 months

C statistic
(95% CI)

0.59(0.56–0.61) 0.65(0.63–0.67)

ΔC statistic
(95% CI)

Ref. 0.06(0.03–0.08)

NRI (95% CI) Ref. 0.21(0.16–0.30)

IDI (95% CI) Ref. 0.01(0.01–0.02)

Brier score 0.05 0.05

1 year

C statistic
(95% CI)

0.59(0.57–0.61) 0.65(0.64–0.67)

ΔC statistic
(95% CI)

Ref. 0.06(0.04–0.08)

NRI (95% CI) Ref. 0.30(0.24–0.37)

IDI (95% CI) Ref. 0.02(0.02–0.03)

Brier score 0.07 0.07

2 years

C statistic
(95% CI)

0.60(0.58–0.61) 0.64(0.63–0.66)

ΔC statistic
(95% CI)

Ref. 0.04(0.03–0.06)

NRI (95% CI) Ref. 0.24(0.20–0.31)

IDI (95% CI) Ref. 0.02(0.01–0.03)

Brier score 0.08 0.08

3 years

C statistic
(95% CI)

0.60(0.59–0.61) 0.64(0.62–0.65)

ΔC statistic
(95% CI)

Ref. 0.04(0.03–0.05)

NRI (95% CI) Ref. 0.23(0.19–0.28)

IDI (95% CI) Ref. 0.02(0.01–0.02)

Brier score 0.09 0.09

4 years

C statistic
(95% CI)

0.60(0.58–0.61) 0.64(0.62–0.65)

ΔC statistic
(95% CI)

Ref. 0.03(0.02–0.05)

NRI (95% CI) Ref. 0.23(0.17–0.27)

IDI (95% CI) Ref. 0.02(0.01–0.02)

Brier score 0.10 0.10

5 years

C statistic
(95% CI)

0.60(0.59–0.61) 0.63(0.62–0.65)

ΔC statistic
(95% CI)

Ref. 0.03(0.02–0.04)

NRI (95% CI) Ref. 0.22(0.16–0.26)

IDI (95% CI) Ref. 0.02(0.01–0.02)

Brier score 0.11 0.11

IDI integrated discrimination improvement, NRI net reclassification improvement.
aConventional clinical model included age, sex, body mass index, history of ischemic stroke,
transient ischemic attack, coronary heart disease, hypertension, diabetes mellitus,
hypercholesterolemia, smoking status, index event, National Institutes of Health StrokeScale score
on admission, pre-stroke modified Rankin Scale score, and Trial of Org 10172 in Acute Stroke
Treatment classification.
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compared to chronological age. Furthermore, the incorporation of BAG
into established risk scores and conventional clinicalmodels improved their
discriminative ability. These findings underscore the potential of BAG to
enhance individualized risk stratification and provide a clinically applicable
tool to support AI-driven precision strategies in secondary stroke
prevention.

T2-FLAIR imagingwas selected as theprimaryMRI sequence for input
into the MBA Net based on its clinical relevance, demonstrated predictive
value, and practical implementation advantages. First, T2-FLAIR is routi-
nely used in clinical practice to assess cerebrovascular disease burden,
providing high sensitivity for chronic ischemic changes such aswhitematter
hyperintensities (WMHs) and lacunar infarcts32. Second, prior studies have
shown that T2-FLAIR features, particularly WMHs and vascular hyper-
intensities, are independently associated with an increased risk of stroke
recurrence33,34. Third, T2-FLAIR is widely included in standard acute stroke
MRI protocols and can be acquired without extending scan time or
requiring additional sequences, supporting its broad applicability in real-
world clinical settings35.

In contrast to earliermethods that primarily relied onWMHs for brain
age estimation, MBA Net employs a convolutional neural network (CNN)
to extract features from the entire T2-FLAIR image36,37. A key innovation of
the MBA Net is its robust lesion-masking mechanism, which suppresses
signals from acute ischemic lesions, allowing the network to focus on more
stable parenchymal features. This selective processing enhances the signal-
to-noise ratio and improves the generalizability of learned representations.
Owing to its comprehensive feature extraction capabilities and modular
architecture, the MBA Net facilitates the identification of a wide range of
structural brain abnormalities, including WMHs, chronic infarcts, and
subtle parenchymal changes. Its compatibility with various CNN-based
frameworks supports scalable implementation across clinical and research
environments. Additionally, a consistency loss function specifically adapted
to the MBA Net architecture was employed to minimize the discrepancy
between predicted and chronological brain age, enhancing robustness
across heterogeneous imaging inputs.

Our findings demonstrate a significant association between unmasked
BAG and the time from symptom onset to imaging. In contrast, masked
BAG exhibited no such association. This result is consistent with our
foundational rationale for employing a lesion-masking approach tomitigate
the confounding influence of acute infarcts on brain age estimation. Fur-
thermore, comparative analyses revealed that masked BAG outperformed
unmasked BAG in predicting stroke recurrence, thereby underscoring the
enhanced clinical utility of the masking strategy in improving model
robustness and predictive accuracy (Supplementary Tables 13, 14 and 15).

Despite the application of DWI-basedmasking to reduce the influence
of acute infarcts on T2-FLAIR–derived brain age estimations, BAG
remained inversely associated with infarct volume. This relationship likely
reflects the distinct temporal dynamics and underlying pathophysiologic
mechanisms of DWI and T2-FLAIR imaging in acute ischemic stroke38.
DWI is highly sensitive to cytotoxic edema and can rapidly identify the
infarct core within minutes of symptom onset, making it the preferred
modality for delineating hyperacute ischemic injury39. In contrast, T2-
FLAIR reflects vasogenic edema, which appears later and typically covers a
broader ischemic region38. AlthoughDWI and T2-FLAIR are recognized as
complementary, the sensitivity of FLAIR to chronic ischemic changes may
complicate the differentiation betweennewandold infarcts, especiallywhen
they coexist32. Therefore, DWI-based segmentation was utilized to define
acute infarct regions, which subsequently generated corresponding lesion
masks for the T2-FLAIR images. The observed inverse association between
BAGand infarct volumemay be attributable to the relatively delayed timing
of MRI acquisition in the CNSR-III cohort (median, 2 days; interquartile
range [IQR], 1–4 days). During this period, T2-FLAIR abnormalities can
extend beyond the DWI-defined infarct core, potentially reflecting
penumbral tissue38. Notably, even after adjustment for infarct volume, BAG
remained independently associatedwith stroke recurrence, underscoring its
predictive value beyond acute lesion burden. This further highlights the

importance of early DWI application for infarct segmentation and mask
generation in T2-FLAIR–based brain age modeling to improve prediction
accuracy. Prior studies have shown that amismatchpattern of positiveDWI
and negative T2-FLAIR can help identify patients with unknown stroke
onset who may still benefit from thrombolytic therapy35. Future research is
needed to assess the robustness and generalizability of the MBANet model
during the hyperacute phase of stroke, particularly in populations under-
going reperfusion therapy or early antiplatelet treatment, to firmly establish
its broader clinical utility.

In the present study, BAG was evaluated as a continuous, binary, and
three-category variable to assess its association with stroke recurrence risk.
Across all analytic approaches, elevated BAG was consistently associated
with an increased riskof both short-termand long-termstroke recurrence in
patients with AICVD. Crucially, in the three-category analysis, patients
classified in the accelerated aging group demonstrated significantly higher
risks of both ischemic and hemorrhagic stroke compared with those in the
normal aging group.Given that antiplatelet therapy is a cornerstone of acute
ischemic stroke management and requires careful risk-benefit assessment,
these findings suggest that BAGmay serve as a useful biomarker to inform
individualized therapeutic decisions40. Future efforts could focus on devel-
oping BAG-centered, AI-driven tools to identify patients most likely to
benefit from antiplatelet therapy, thereby improving secondary prevention
while minimizing treatment-related harms.

Subgroup analyses revealed no significant association between accel-
erated brain aging and stroke recurrence among patients with other
determined etiology. This finding aligns with the underlying pathophy-
siology, as these etiologies are often driven by systemic conditions (e.g.,
coagulopathies) rather than primary cerebrovascular pathology41. Similarly,
in patients with TIA, an elevated BAGwas not significantly associated with
5-year stroke recurrence, and its incremental predictive value in TIA risk
models was limited. This likely reflects the generally milder clinical course
and lower burden of brain aging-related risk factors in patients with TIA,
thereby constraining the predictive utility of BAG42. Collectively, these
findings suggest that BAGmay serve as a valuable biomarker for developing
novel stroke classification systems that integrate aging-related mechanisms
with recurrence risk, offering evidence to support precision interventions
based on brain aging.

We observed no significant correlation between BAG and chron-
ological age, suggesting our model effectively minimized age-related con-
founding. Importantly, BAG outperformed chronological age in predicting
stroke recurrence risk. Several factorsmay account for thisfinding. First, our
results align with previous studies indicating that accelerated brain aging is
closely associated with a range of vascular risk factors, underscoring the
clinical relevance of BAG in stratifying stroke recurrence risk13,43. Second,
aging is an asynchronous process across organ systems44. As a composite
indicator of brain health, BAG may capture multidimensional features of
brain aging more effectively than chronological age, thus offering greater
specificity in identifying individuals at higher stroke recurrence risk45,46.
Third, BAG was estimated during the acute stroke phase using a masking
technique to exclude acute infarcts, aiming to approximate the pre-stroke
brain state. This method provides a reasonable proxy given limited pre-
stroke imaging availability. Furthermore, as the risk of stroke recurrence is
highest in the acute phase, BAG derived from non-infarcted regions may
reflect both underlying brain aging and latent imaging features relevant to
recurrence risk14. Notably, we also identified substantial variation in BAG
values among patients with multiple vascular risk factors (Fig. 4). This
suggests potential individual resilience or tolerance mechanisms to brain
aging in response to cerebrovascular stress, a finding consistent with prior
research indicating that the aging process is regulated by a confluence of
genetic, environmental, and other factors9. Future studies should incorpo-
rate multi-omics approaches, including genomics, epigenomics, and
metabolomics, to deepen the understanding of the relationship between
brain aging and stroke recurrence risk47,48.

In this study, the inclusion of BAG in established risk scores and
conventional clinicalmodels was associatedwith a significant improvement
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in the prediction of stroke recurrence, suggesting that BAG may capture
neurobiological features not fully reflected by traditional clinical variables.
This additional discriminative value may facilitate more precise risk stra-
tification and support the development of personalized strategies for sec-
ondary stroke prevention. Beyond these immediate findings, the
translational potential of BAG extends to several promising avenues. The
integration of BAG with other aging-related biomarkers, such as telomere
length and epigenetic age, may enable the construction of more compre-
hensivemulti-omicsmodels of brain aging and provide further insights into
the complex interplay between brain aging and cerebrovascular disease49,50.
Leveraging insights from psychiatric disease research, BAG also holds
promise as an informative imaging endpoint in cerebrovascular disease
clinical trials, potentially offering novel evaluative frameworks for early
intervention and contributing to the elucidation of underlying pathophy-
siological mechanisms51,52. Furthermore, the successful establishment of
brain age prediction models in macaques and rats lays a crucial foundation
for closely linking preclinical studies with clinical practice53,54. Exploring
therapeutic strategies to effectively mitigate the recurrence risk associated
with accelerated brain aging has the potential to pave groundbreaking
pathways for improving stroke outcomes.

Some limitations need to be considered. First, despite the application of
statistical bias correctionmethods, residual uncertainty or systematic bias in
brain age predictionmay persist, potentially resulting from heterogeneity in
age distributions among cohortswithin the training dataset and between the
training and inference datasets. To enhance model generalizability and
clinical utility, future researchmay consider optimizing the age composition
of training cohorts basedon specific analytical objectives. This could involve
ensuring amore uniformdistribution of age groups within the training data
or selecting datasets with age structures that closely match those of the
intended target population55. Such strategies are expected to improve the
model’s performance and applicability in diverse clinical contexts. Second,
the absence of a comprehensive Explainable AI (XAI) evaluation limits the

interpretability of the MBA Net model. Further investigations should
incorporate XAI techniques to more deeply explore the biological sig-
nificance of brain age models in cerebrovascular disease from a radiomics
perspective56. Third, the clinical application analysis was based solely on a
cohort ofChinesepatients.Given that stroke is influencedbyvarious factors,
including genetics, ethnicity, and lifestyle, additional validation in diverse,
multi-ethnic populations is necessary to confirm the broader applicability of
these findings57,58. Fourth, the CNSR-III cohort lacked information on
socioeconomic status, educational level, and dietary habits, which are
known to affect both brain aging and stroke recurrence59–62. Future studies
should incorporate more comprehensive socioeconomic and lifestyle vari-
ables to better understand the mechanisms linking brain aging and cere-
brovascular disease. Fifth, this study included only acute-phase stroke
imaging data, lacking longitudinal follow-up imaging. Previous research
have demonstrated that ischemic damage accelerates brain aging in stroke
survivors63. Dynamic monitoring and assessment of brain age post-stroke
could provide critical insights into the mechanisms underlying the inter-
action between brain aging and stroke, thereby offering valuable evidence to
optimize intervention strategies.

In summary, this study demonstrates that BAG independently predicts
both short-term and long-term stroke recurrence in patients with AICVD,
showing superior predictive performance compared with chronological age.
These findings support the utility of BAG as a radiomics-based metric for
recurrence risk stratification and suggest a potential link between brain aging
and stroke recurrence. Moreover, incorporating BAG into established pre-
dictionmodels improved discriminative accuracy, highlighting its potential to
inform AI-guided, individualized strategies for secondary stroke prevention.

Methods
Study population
This study employed two publicly accessible datasets, along with a com-
munity cohort, to develop the brain age prediction model: OASIS, ADNI,

Fig. 4 | Examples of mismatch between brain age gap (BAG) and vascular risk
factors. a The patient’s contextual brain age (CBA) was “older” than chronological
age. He had multiple vascular risk factors. b The patient’s CBA was “older” than
chronological age. He did not have multiple vascular risk factors. c The patient’s
CBA was “younger” than chronological age. He did not have multiple vascular risk

factors. d The patient’s CBAwas “younger” than chronological age. He hadmultiple
vascular risk factors. The image on the left depicts an axial T2-fluid-attenuated
inversion recovery scan, while the image on the right displays a diffusion-weighted
imaging scan, with the red marker highlighting the infarct lesion.
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and PRECISE (Supplementary Table 1)21–23. The study protocol for PRE-
CISE was approved by the ethics committees of both Beijing Tiantan
Hospital (IRB approval number: KY2017-010-01) and LishuiHospital (IRB
approval number: 2016-42)23.Written informed consentwas obtained from
participants or their legal representatives. The brain age estimation net-
works were trained using data exclusively from healthy individuals, con-
sisting of 5353 T2-FLAIR MRI scans. Notably, the ADNI and OASIS
datasets includedmultiple follow-up scans for someparticipants, facilitating
natural data augmentation.

In the clinical application phase, data from the CNSR-III study were
utilized, including 10,890 patients with AIS or TIA who had high-quality
T2-FLAIR andDWI imaging. The study design and imaging protocol of the
CNSR-III has been previously described24. Briefly, the CNSR-III was a
nationwide prospective registry conducted in China from August 2015 to
March 2018, enrolling patients with AIS or TIA within 7 days of symptom
onset at 201 hospitals across 22 provinces and 4 municipalities24. Ethical
approval for the CNSR-III study was obtained from the ethics committee of
Beijing Tiantan Hospital (IRB approval number: KY2015-001-01) and all
participating centers. The participants or their legal representatives pro-
vided written informed consent.

Neuroimaging pre-processing
All T2-FLAIR images underwent a standardized pre-processing pipeline.
Initial quality control (QC) was conducted on the raw Neuroimaging
Informatics Technology Initiative (NIfTI) and Digital Imaging and Com-
munications in Medicine (DICOM) data as part of the standardized ima-
ging acquisition and quality assurance protocols established by the
PRECISE and CNSR-III studies, as well as the included public datasets23,24.
Only imaging data that met stringent QC criteria were advanced for further
processing.

During the pre-processing stage, each T2-FLAIR image was first co-
registered to a standardized T2-FLAIR template (GG-FLAIR-366, available
at http://brainder.org)64. Image registration was performed using FLIRT
(FMRIB’s Linear Image Registration Tool) from the FSL (FMRIB Software
Library) package, employing a rigid-body transformationwith six degreesof
freedom (three translational and three rotational parameters) to preserve
anatomical fidelity while ensuring accurate spatial alignment. All images
were resampled to an isotropic voxel resolution of 2 mm3, yielding a con-
sistent matrix size of 91 × 109 × 91.

Following spatial registration, image quality was independently
reviewed by two experienced radiologists. Exclusion criteria encompassed
poor scan quality, severe head motion, substantial imaging artifacts,
incomplete MRI acquisitions, and image distortions. Subsequently, brain
extraction was performed using the SynthStrip algorithm, which provides
robust delineation of brain tissue from non-brain structures65. After
extraction, voxel intensities within the brain mask were normalized by
mean-centering to zero and scaling to unit variance (standard deviation =
1). This intensity standardization was applied exclusively within the
extracted brain regions to ensure consistent contrast normalization while
preserving anatomical boundaries.All voxels outside the SynthStrip-derived
brain mask (i.e., non-brain background) were assigned a fixed intensity
value of −1, thereby ensuring anatomical consistency in the background
representation and preventing the misclassification of brain tissue based on
intensity values.

Development of the Mask-based Brain Age estimation Network
Figure 1a illustrated the training process of the MBA Net. The framework
simultaneously input both masked and unmasked T2-FLAIR images,
employing ScaledDense as the backbone network for feature extraction to
predict the corresponding brain age values26. The ScaledDense network
architecture is specifically designed to integrate multi-scale feature repre-
sentations through densely connected pathways. Within each ScaledDense
block, feature maps from preceding layers at varying spatial resolutions are
resized using operations (max pooling) and subsequently concatenated.
This multi-scale fusion mechanism enables the extraction of rich spatial

information essential for accurate brain age estimation. Each layer in the
ScaledDense block consists of twoAsymmetric Convolution (AC)modules,
batch normalization, an Exponential LinearUnit (ELU) activation function,
a Squeeze-and-Excitation (SE) block, and max pooling. The AC module,
tailored for three-dimensional (3D) MRI data, employs four distinct 3D
convolutional kernels (e.g., 3 × 3 × 3, 3 × 1 × 1, 1 × 3 × 1, 1 × 1 × 3) to cap-
ture directional features across multiple orientations. The SE block recali-
brates channel-wise feature responses by modeling inter-channel
dependencies, thereby enhancing discriminative capability. ELUactivations
introduce non-linearity, enabling the network to learn complex feature
mappings. Structurally, each ScaledDense block comprises five layers, with
the initial layer containing eight channels. The channel width doubles with
each subsequent layer (e.g., 8, 16, 32, 64, and 128 channels), allowing for
progressive enhancement of representational capacity. Dense connectivity
ensures that each layer receives direct inputs from all preceding layers and is
connected to the final loss function, facilitating implicit deep supervision.
This architectural design promotes efficient parameter utilization, mitigates
overfitting, and improves gradient propagation, thereby enabling robust
feature extraction from T2-FLAIR images.

Furthermore, the model used the difference between the predicted
brain age and chronological age as loss functions. By incorporating con-
sistency loss, the outputs of the brain age estimation model for masked and
unmasked images remained consistent, thereby enhancing the accuracyand
robustness of the predictions.

loss ¼ loss1 þ loss2 þ γlossconsistency ð1Þ

The MBA Net utilized the loss function defined in Eq. (1), which
consisted of three components: the loss between the predicted brain age ŷ
fromunmasked images and the chronological age y, as shown in Eq. (2); the
loss between the predicted brain age ŷmask from masked images and the
chronological age y, as shown in Eq. (3); and the consistency loss between
thepredictedbrain age ŷ fromunmasked images and thepredictedbrain age
ŷmask from masked images, as shown in Eq. (4). In these equations, ŷ
represented the predicted brain age from unmasked images, ŷmask repre-
sented the predicted brain age from masked images, y represented the
chronological brain age, and γ was the regularization parameter.

loss1 ¼ Lrðy; ŷÞ ð2Þ

loss2 ¼ Lrðy; ŷmaskÞ ð3Þ

lossconsistency ¼ Lrðŷ; ŷmaskÞ ð4Þ
whereLr denoted a loss function,which canbe amean squared error (MSE)
loss or MAE loss.

To train the MBA Net using data from healthy individuals, this study
employed randomly generated 3D rectangularmasks to occlude portions of
the input images. The use of rectangular (bounding box) masks for simu-
lating lesions was guided by established regularization strategies in deep
learning, such as the Cutout, wherein the geometric shape of the occluded
region is generally considered less critical than its size and frequency66. This
masking strategy offers a computationally efficient and standardized
mechanism for simulating lesion-induced occlusions, thereby facilitating
consistent implementation across varying anatomical and pathological
configurations. The input data were processed according to the method
outlined in Eq. (5) during the data loading phase, facilitating seamless
integration with other data augmentation strategies.

Mask Input Image ¼ x�M ð5Þ

where x 2 RH×W×D represented the 3D MRI data. M 2 f0; 1gH×W×D

represented a binary mask, where a value of 1 indicated that the corre-
sponding position in the original imagewould be preserved, while a value of
0 indicated that it would be masked. Additionally, the value of N was a
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random integer that varied between 1 and 8, indicating that a different
number of masks would be generated during each iteration. Given that the
input consists of 3D MRI images, the generated masks were also 3D and
exhibit a rectangular shape. Eachmask could be uniquely determined by the
tuple ðx; y; z; l;w; hÞ, where ðx; y; zÞ represented the coordinates of the
rectanglemask’s center point, and l;w; hð Þ represented its respective length,
width, and height.

In this study,we employed a randomgeneration approach todefine the
tuple (x, y, z, l, w, h). Specifically, the center coordinates (x, y, z) were
randomly selected near regions containing features, with the selection range
constrained within a predefined spatial domain, as shown in Eq. (6).

x; y; z
� � ¼ ðrandom xmin; xmax

� �
; random ymin; ymax

� �
; random zmin; zmax

� �

ð6Þ
Regarding the size of the cubemask, we established an upper limit dmax

and a lower limit dmin to calculate the tuple l;w; dð Þ in Eq. (7).

l;w; dð Þ ¼ ðrandom lmin; lmax

� �
; random wmin;wmax

� �
; random dmin; dmax

� �

ð7Þ
We set the MSE loss asLr and γ = 5 for training the MBA Net. The

network was developed using the Adam optimization algorithm with a
learning rate of 2e-467. In addition, weight decay was applied with a coef-
ficient of 1e-4. To enhance the reliability of gradient estimates, we aggre-
gated the gradients across four mini-batches before each training step. The
network was implemented using PyTorch (https://pytorch.org/). Data
augmentation was conducted solely during the training phase, utilizing
random flipping along the coronal axis and the addition of Gaussian noise.
For the generation of brain masks, we defined the coordinate range for the
mask center point to ðxmin ¼ 20; xmax ¼ 80Þ; ðymin ¼ 20; ymax ¼ 100Þ and
ðzmin ¼ 20; zmax ¼ 80Þ, and the range for mask’ size to lmin ¼ wmin ¼
dmin ¼ 5 and lmax ¼ wmax ¼ dmax ¼ 30:

Contextual brain age inferring for patients
As depicted in Fig. 1b, the process for inferring CBA in patients with AIS or
TIA is as follows: (1) The DWI images of the subjects were first fed into a
nnUNet model to generate a binary segmentation mask for acute ischemic
lesions25; (2)Aminimumbounding rectanglewas subsequently derived from
the segmentation map, producing a mask image that delineated a bounding
box around the ischemic lesions; (3) The masked input image was then
constructed by combining the generatedmaskwith the T2-FLAIR image; (4)
Finally, pre-trainedMBAmodelswere employed toanalyze themasked input
images, yielding the prediction of CBA. Furthermore, the predicted CBA
underwent a bias correction, resulting in the final iteration of CBA.

The assessment of brain age often demonstrates a tendency to over-
estimate in younger individuals and underestimate in older individuals. As
chronological age approaches the mean age, the estimated MAE tends to
converge toward 068. Statistical bias correction is commonly employed in the
estimation of brain age orBAG69. In this study,we applied bias correction by
fitting a linear regression model, as shown in Eq. (8).

Ω � α � y þ β ð8Þ

where y was the chronological age, α was the slope, β was the intercept, Ω
was the offset for bias correction. The values of α and β were derived by
fitting the linear regressionmodel using the training dataset, then applied to
the test dataset for bias correction. The offset was subtracted from the
estimated brain age to obtain bias-corrected estimation for each test sample
in Eq. (9):

eyc � ey � ðα � y þ βÞ ð9Þ

where eyc was the bias-corrected brain age and ey represented the estimated
brain age.

In this study, BAG was calculated by subtracting chronological age
from the CBA, as shown in Eq. (10).

Brain Age GapðBAGÞ ¼ Contextual Brain AgeðCBAÞ � chronological age

ð10Þ

Clinical information in patients with acute ischemic cere-
brovascular disease
Trained research coordinators from the participating hospitals collected
baseline data from medical records, including demographics, clinical
characteristics, risk factors, medical history, primary diagnosis, and con-
comitant medication24. In addition, investigators conducted face-to-face
interviewswith patients upon admission to assess the pre-strokemRS score,
and evaluate the National Institutes of Health Stroke Scale (NIHSS) score.
The Tiantan Neuroimaging Center of Excellence performed centralized
etiological classification using the Trial of Org 10172 in Acute Stroke
Treatment (TOAST) criteria, identifying five stroke subtypes: large-artery
atherosclerosis, cardioembolism, small-vessel occlusion, other determined
etiology, and undetermined etiology41.

Clinical outcomes included recurrent stroke (ischemic or hemorrhagic
stroke), composite vascular events (stroke, TIA, myocardial infarction, or
vascular death), ischemic stroke, and hemorrhagic stroke. Patients were
followed up through face-to-face interviews at 3 months and annual tele-
phone interviews from 1 to 5 years24. The detailed definitions of clinical
outcomes are presented in Supplementary Table 16.

Statistical analysis
Baseline characteristicswere compared across groups. Continuous variables
with skewed distributions were reported as medians with IQRs, and cate-
gorical variables as counts and percentages. The Wilcoxon rank-sum test
was used to compare continuous variables between two groups, and the
Kruskal–Wallis test was applied for comparisons among three groups.
Categorical variables were compared using the χ² test.

Differences in BAG across baseline categorical variables were assessed
using student’s t-test. Variables demonstrating statistically significant dif-
ferences in BAG were subsequently included in a multivariable linear
regression model to identify independent determinants of BAG. The rela-
tionship between BAG and clinical outcomes was evaluated using multi-
variable Cox proportional hazards models. Additionally, Fine-Gray
competing risk models were employed to account for death as a competing
event. Adjustedmodels includedBAG-related variables and clinical features
of the index event, such as admission diagnosis, NIHSS score, TOAST
classification, and infarct volume.

Sensitivity analysis was conducted by categorizing BAG as either a
binary or three-level variable. When BAG was analyzed as a categorical
variable in relation to clinical outcomes,multivariablemodelswere adjusted
for baseline characteristics that significantly differed between groups
(Supplementary Tables 5 and 7), as well as clinical features of the index
event, including admission diagnosis, NIHSS score, TOAST classification.
Given the exploratory nature of this study investigating the association
between BAG and stroke recurrence, we did not apply multiple testing
corrections to avoid obscuring potentially significant clinical findings. Time
to outcome events were graphically presented using Kaplan–Meier curves
and compared by the log-rank test.

The predictive performance of BAG for clinical outcomes was eval-
uated fromthreeperspectives. First, its prognostic utilitywas comparedwith
that of chronological age. Model discrimination was assessed with Harrell’s
C statistic, and calibration was evaluated using the Brier score. Second, the
incremental value of BAGwas examined by incorporating it into established
clinical prediction models, with its contribution quantified using NRI and
IDI. Third, to further assess its contribution to risk prediction, BAG was
integrated into multivariable Cox proportional hazards models that inclu-
ded age, sex, BMI, history of ischemic stroke, TIA, coronary heart disease,
hypertension, diabetes mellitus, hypercholesterolemia, smoking status,
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index event, NIHSS score on admission, pre-strokemRS score, and TOAST
classification.

Two-sided p values < 0.05 indicated statistical significance. Calcula-
tions of NRI and IDI, as well as the generation of violin plots, were per-
formed using R software (V4.5.0). All other statistical analyses were
conducted using SAS software (V 9.4).

Data availability
The data from the ADNI database (adni.loni.usc.edu) and the OASIS
database (https://www.oasis-brains.org/) are publicly accessible. The
anonymized data from the PRECISE study and the CNSR-III study are
available to fellow researchers on request for replicating procedures or
reproducing the results by contacting the corresponding author and their
institutions.

Code availability
Researchers can access the code at GitHub: [https://github.com/
liuziyang1106/MBA_Net_for_ContexualBrainAge].
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