
ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

https://doi.org/10.1038/s41467-026-73071-7

Received: 29 May 2025

Accepted: 28 April 2026

Cite this article as: Li, Y., Zhang, X., Li,
X. et al. Brain maintenance
biomarkers from structural and
functional interactions in aging and
neurodegeneration. Nat Commun
(2026). https://doi.org/10.1038/
s41467-026-73071-7

Yumeng Li, Xinyue Zhang, Xin Li & Zhanjun Zhang

We are providing an unedited version of this manuscript to give early access to its
findings. Before final publication, the manuscript will undergo further editing. Please
note there may be errors present which affect the content, and all legal disclaimers
apply.

If this paper is publishing under a Transparent Peer Review model then Peer
Review reports will publish with the final article.

© The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate credit
to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not
have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party material in this
article are included in the article's Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the
article's Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.

Nature Communications
Article in Press

Brain maintenance biomarkers from structural and
functional interactions in aging and
neurodegeneration



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

Brain Maintenance Biomarkers from Structural and 

Functional Interactions in Aging and Neurodegeneration 

Yumeng Li, B.D.1,2,3, Xinyue Zhang, B.D.1,2,3, Xin Li, Ph.D.1,2,3*, Zhanjun Zhang, 

Ph.D.1,2,3,4*  

1 State Key Laboratory of Cognitive Neuroscience and Learning, Beijing Normal 

University, Beijing, 100875, China 

2 Beijing Key Laboratory of Cognitive Intelligence for Elderly Brain Health, Beijing 

Normal University, Beijing, 100875, China 

3 Beijing Aging Brain Rejuvenation Initiative 1 Centre, Beijing Normal University, 

Beijing, 100875, China 

4 Innovation Institute of Integrated Traditional Chinese and Western Medicine, 

Shandong First Medical University & Shandong Academy of Medical Sciences, Jinan, 

Shandong, 250117, China 

 

*Correspondence to:  

Xin Li, Ph.D., State Key Laboratory of Cognitive Neuroscience and Learning, Beijing 

Normal University, Beijing 100875, China;  

Tel: +8601058802882; 

Email addresses: lixin99@bnu.edu.cn 

 

Zhanjun Zhang, Ph.D., State Key Laboratory of Cognitive Neuroscience and 

Learning, Beijing Normal University, Beijing 100875, China;  

Tel: +8601058803882; 

Email addresses: zhang_rzs@bnu.edu.cn 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

Abstract 

Brain maintenance may help explain why some individuals remain cognitively resilient 

despite aging, but its biological basis is not well understood. Here we show that brain 

maintenance can be quantified from the relationship between brain structure and 

function. Using structural MRI and resting-state functional MRI from 1,280 older 

adults, we built a model based on young adults to estimate the functional capacity 

supported by preserved brain structure, and defined brain maintenance as the difference 

between predicted and observed function. Brain maintenance was most evident in 

prefrontal, cingulate and precuneus regions and was enriched in higher-order functional 

networks. Higher brain maintenance was associated with slower cognitive decline, 

lower amyloid-β burden and domain-specific variation in memory, attention and 

processing speed. These findings provide a biologically grounded marker of resilience 

in healthy and pathological aging.  
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Introduction 

Brain maintenance (BM) refers to the relative preservation of brain integrity, 

encompassing stability in both structural and functional domains that account for 

variability in cognitive outcomes amid brain aging, pathology, or injury 2,3. Its core lies 

in the resisting or slowing neural deterioration rather than deliberate activation. This 

maintenance model enables individuals to sustain cognitive performance by 

minimizing age- or disease-related brain changes. The relevant protective mechanisms 

may precede overt pathology. Also, Individual differences in brain maintenance reflect 

variability in the preservation of neural structure and function across aging 4,5. 

Thus, accurately quantifying BM is vital for probing individual differences in late-

life development and uncovering mechanisms underlying cognitive decline. Current 

BM quantification methods include: Longitudinal measures track within-person 

changes (e.g., annualized atrophy rates of hippocampal or cortical thickness), providing 

the most direct evidence of preservation but requiring costly multi-timepoint data and 

often subject to attrition 6,7. Residual or cross-sectional measures, such as the brain age 

gap (Brain-PAD), compare an individual’s brain to age-based normative expectations. 

While these approaches offer practical convenience without requiring longitudinal 

follow-up, they reflect deviation from population norms rather than within-person 

preservation over time. Therefore, they serve as indirect proxies of brain maintenance 

and may be influenced by model choice and cohort characteristics 8,9. Functional or 

imaging-based metrics, including stability of network connectivity or region-specific 

atrophy rates, capture early, sensitive signs of aging and allow domain-specific insights, 

yet they are often noisier, modality-dependent, and may lack robust standardization 10,11 . 

Collectively, existing BM quantification strategies either demand longitudinal data, rely 

on indirect residual inferences, or suffer from variability in functional measures, 

underscoring the need for system-level indicators that integrate structure and function 

more directly. 

Current evidence suggests that BM is most directly quantified by demonstrating 

reduced age-related change in brain structure over time, with functional neuroimaging 
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providing complementary, but not sufficient information. Sole reliance on either 

structural or functional metrics to index BM is limited, as the neural processes 

supporting maintenance operate at micro- and mesoscale levels that large-scale imaging 

can only approximate; integrating multimodal structure–function information therefore 

provides a more comprehensive estimate of the brain’s preserved capacity 2,4,5. While 

resting-state functional measures are task-independent and provide generalizable 

insights into large-scale brain dynamics, they cannot fully account for preserved brain 

integrity without considering the underlying structural architecture. Conversely, 

structural indices alone fail to capture the dynamic efficiency of functional systems that 

sustain cognition despite atrophy. Thus, structure and function must be viewed as 

interdependent contributors: only by integrating them can we comprehensively 

interpret the mechanisms of brain development and aging. Our research goal is 

therefore to establish a system-level framework for BM that bridges macro-level brain 

networks with micro-level neuronal mechanisms, offering a more precise and 

biologically grounded approach to quantifying maintenance. 

Brain structure, particularly gray matter surface structure, is crucial for shaping 

neuronal signal transmission 12-15. These structural features determine the physical 

characteristics of neural signal propagation, giving rise to complex patterns of neuronal 

co-activation. These highly ordered and dynamic activation patterns are considered key 

neural mechanisms supporting perception, cognition, and various psychological 

functions 16. In the human brain, structural and functional decline in specific regions is 

not random but shows significant spatiotemporal synchrony 17,18. That is, within similar 

time frames, the degradation of structural integrity and the reduction of functional 

efficiency in specific brain regions often occur together. Their interrelated evolution in 

particular brain areas jointly drives the overall trend of age-related cognitive changes, 

influencing cognitive performance and psychological states in old age.  

The co-evolution of brain structure and function may indicate individual differences 

during aging. Within the BM framework, high-performing older adults often keep brain 

features similar to younger people. They show stronger structural integrity, more 

efficient neurotransmission, and more coherent connectivity 19,20. This microscopic 
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neural infrastructure offers a stable resource base, helping individuals maintain 

cognitive function amid neurodegeneration or brain damage 4. For instance, seniors 

with superior cognitive performance show high anatomical and physiological similarity 

to younger brains in structural integrity, neurotransmitter efficiency, and neural 

connectivity. Based on these features, cross-sectional studies can also help us 

understand individual differences in cognitive aging. Therefore, combining structural 

and functional measures may better capture BM differences and provide stronger clues 

to resilience in cognitive aging. 

To address these gaps, this study proposes a framework for quantifying BM that 

leverages the interplay between brain structure and function. Our central premise is that 

the degree to which brain functional capacity can be maintained relative to underlying 

gray matter structure reflects an individual’s capacity to maintain functional efficiency 

relative to structural integrity across aging. Specifically, our study design incorporated 

three complementary cohorts. First, a young adult reference group was used to establish 

an optimal structural–functional prediction model, providing a baseline of “youthful” 

brain organization. We selected individuals aged 18–20 years for the youthful reference 

model based on evidence that this age range corresponds to peak brain maturation and 

stable neuroanatomical profiles 17,21-23. Second, a healthy older adult cohort from the 

Beijing Aging Brain Rejuvenation Initiative (BABRI) was included to represent 

normative aging, enabling assessment of interindividual differences in brain 

maintenance (BM) within a non-pathological population. Finally, a patient group with 

mild cognitive impairment 24 or Alzheimer’s disease (AD) served as a pathological 

aging comparison, allowing us to test whether our metric could differentiate normal 

from abnormal aging trajectories. Together, these cohorts provided a coherent 

framework for investigating how brain structure–function correspondence can serve as 

an index of brain maintenance and its relationship to cognition and pathology in later 

life. The overall methodological framework, including data processing, BM 

quantification, and analytical modules, is illustrated in Figure 1. 

Furthermore, recent research suggests that sex differences influence both the 

trajectory of brain aging and the neuroprotective effects of BM 25-29. Therefore, our 
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study examines age- and sex-specific reconfigurations of structure–function 

maintenance networks to elucidate how these factors shape maintenance mechanisms 

during healthy and pathological aging.  

The primary aims of this study are to: (1) identify spatially consistent BM 

networks—defined as brain networks that exhibit reproducible spatial patterns of BM 

across individuals, thereby providing insight into the neural substrates of maintenance 

mechanisms—that underpin cognitive resilience in aging, (2) characterize how these 

networks are reorganized with age and between sexes, 30 validate their ability to predict 

longitudinal cognitive decline and performance across different cognitive domains, and 

(4) determine whether these BM-driven network features can differentiate pathological 

aging (such as MCI/AD) from typical aging and predict amyloid-β deposition.  

By integrating brain structural constraints with functional adaptability, our approach 

provides a biologically grounded, system-level BM metric that bridges macro- and 

micro-level mechanisms, offering insights into the heterogeneity of cognitive aging and 

guiding early intervention strategies.  

Results 

Participant Characteristics and Cognitive Function 

The study sample comprised 1,280 healthy older adults (age range: 50–89 years; 

mean age: 66.45 ± 7.26 years; 61.4% female) for BM quantification. Within this cohort, 

323 participants (baseline age: 50–86 years; mean: 65.74 ± 6.73 years; 61.3% female) 

underwent longitudinal cognitive assessments across 660 follow-up visits, with no 

significant demographic differences observed between this subgroup and the main 

cohort (independent t-tests, p > 0.05). The average follow-up duration was 3.19 ± 1.34 

years. An independent validation cohort of 135 participants (mean age: 68.23 ± 8.09 

years; 58.5% female), including cognitively normal (CN) individuals, mild cognitive 

impairment 24 patients, and Alzheimer’s disease (AD) patients, was additionally 

analyzed. Detailed demographic characteristics and cognitive test performance metrics 

are summarized in Table 1. 

Spatially Consistent Brain Maintenance Networks with Dominant High-Order 
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Functional Contributions 

Using BM quantification methods outlined in the Statistical Analysis section, we 

mapped the whole-brain spatial distribution of BM values by averaging individual-level 

data across the aging cohort. As shown in Figure 2.a, BM exhibited pronounced spatial 

heterogeneity, characterized by a “anterior maintenance -posterior decline” pattern. 

Specifically, BM-rich regions clustered in the medial/lateral prefrontal cortex, superior 

temporal gyrus, pre-/postcentral gyri, cingulate cortex, and select parietal areas (e.g., 

precuneus). To assess the generalizability of this spatial pattern, we further constructed 

a population frequency map (Figure 2.b), representing the proportion of individuals (0–

100%) in which each brain region was classified as a BM hub. Higher frequency values 

indicated greater spatial consistency of BM hubs across the population. Correlation 

analysis between regional BM values and hub frequency (Figure 2.c) revealed strong 

positive associations (cluster-level p < 0.05, FDR-corrected), confirming that BM-rich 

regions overlapped significantly with high-frequency hubs. By intersecting regions 

with above-average BM values (top 30%) and high hub frequency (>70%), we 

identified spatially consistent “core BM regions” in healthy older adults (Figure 2.d). 

To delineate the functional architecture underlying these core regions, we parsed 

their composition across seven canonical functional networks (Figure 2.e). After 

normalizing for network size (i.e., parcel count), the Default Mode Network (DMN), 

Ventral Attention Network (VAN), and Frontoparietal Network (FPN) dominated BM 

hubs, collectively accounting for > 65% of all BM-rich regions. These networks are 

known for their high functional gradients and roles in integrative cognitive processes. 

Furthermore, ranking networks by total BM magnitude (summed BM values within 

each network) reaffirmed the prominence of DMN, VAN, and FPN (Figure 2.f), 

suggesting their critical involvement in sustaining cognitive resilience through adaptive 

functional mechanisms. 

Age- and Sex-Stratified Differences in BM regions 

We examined the impact of age, sex, and education on BM values within 

maintenance regions using covariate-adjusted residuals. Participants were stratified into 

younger-old (age ≤65 years) and older-old (age >65 years) groups. Age exerted 
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significant effects: younger-old adults exhibited higher BM values in the medial/lateral 

prefrontal cortex, middle frontal gyrus, and pre-/postcentral gyri, while older-old adults 

showed elevated BM in the fusiform gyrus, lingual gyrus, parahippocampal regions, 

and middle temporal gyrus (Figure 3.a). Sex differences were also pronounced: females 

demonstrated higher BM in the cingulate cortex, precuneus, superior frontal gyrus, and 

precentral gyrus, whereas males exhibited higher BM in the middle/superior frontal 

gyrus, superior temporal gyrus, fusiform gyrus, and parahippocampal regions (Figure 

3.b). No significant BM differences were observed between high-education (≥14 years) 

and low-education groups. This result suggests that educational attainment alone may 

be insufficient to enhance dynamic neural adaptation measured by our BM metric. 

Potential explanations for this finding are further discussed in Discussion. 

Further analysis of network-level BM differences revealed that younger-old adults 

displayed higher BM in the ventral attention (VAN), somatomotor (SomMot), 

frontoparietal network (FPN), and dorsal attention (DAN) networks but lower BM in 

visual (Vis) and limbic networks compared to older-old adults (Figure 3.c). Males 

exhibited higher BM in the default mode (DMN), FPN, and limbic networks, while 

females showed higher BM in SomMot and DAN networks (Figure 3.d). These findings 

underscore age- and sex-dependent reconfiguration of BM networks, with distinct 

functional domains preferentially contributing to cognitive resilience across 

demographic subgroups. 

Domain-Specific and Cross-Phenotype Integration of BM regions Predict Cognitive 

performance 

Using sparse canonical correlation analysis (SCCA), we identified four significant 

multivariate patterns linking BM spatial distributions to distinct cognitive phenotypes 

(processing speed, episodic memory, cognitive control, working memory). In the 

training dataset, these patterns exhibited significant associations (canonical r = 0.15–

0.23, Bonferroni-corrected p < 0.05), which were replicated in the test dataset (r = 0.10–

0.20, Bonferroni-corrected p < 0.05). To further validate statistical significance, we 

performed permutation testing with 10,000 random shuffles of the data. The observed 

canonical correlations in the test dataset were significantly greater than chance (all 
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permutation p < 0.05 after Bonferroni correction), supporting the robustness of the 

identified brain–cognition relationships. Figure 4.b shows the contribution weights of 

neuropsychological tests in the four cognitive phenotypes. Each phenotype mapped to 

spatially distinct BM hubs (Figure 4.a). For instance, the maintenance regions for 

processing speed phenotypes are mainly in the right supramarginal gyrus, middle 

cingulate gyrus, and left precuneus. For episodic memory phenotypes, they are focused 

in the bilateral superior frontal gyrus, left middle cingulate gyrus, and medial superior 

frontal gyrus. Cognitive control related regions lie in the inferior orbital frontal and 

anterior cingulate regions, and those for working memory phenotypes are related in the 

right middle temporal gyrus and precuneus. 

Notably, the postcentral gyrus and superior frontal gyrus contributed to all four 

phenotypes, while the middle cingulate and precuneus supported multiple phenotypes 

(Figure 4.b), suggesting that BM hubs form flexible subsystems through combinatorial 

arrangements to support diverse cognitive demands. 

Furthermore, the summed BM values of phenotype-specific hubs strongly 

correlated with composite cognitive scores (weighted by neuropsychological test 

contributions). This relationship was most pronounced for episodic memory and 

working memory (Figure 4.c), indicating that higher BM in targeted networks predicts 

superior domain-specific performance. 

BM Networks Predict Multi-Domain Attenuation of Cognitive Decline in Aging 

To validate whether elevated BM values in maintenance regions correlate not only 

with better baseline cognitive performance but also with slower longitudinal cognitive 

decline, we calculated annualized cognitive decline rates (see Methods) and examined 

their associations with regional BM values. Spatial mapping revealed distinct BM hubs 

significantly linked to reduced decline rates across cognitive domains (Figure 5.a & c). 

The most extensive BM-protective effects were observed for general cognition (MMSE) 

and working memory (DST), followed by visuospatial (CDT) and language (VFT) 

domains. In contrast, episodic memory (AVLT), processing speed (TMT-A), and 

cognitive control (SCWT) exhibited narrower, phenotype-specific BM associations. 

Aggregating BM values across decline-related hubs demonstrated a statistically 
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significant but modest correlation between total BM and global cognitive alternation 

rates (Figure 5.b & d), indicating that higher BM predicts slower aging-related 

cognitive deterioration. These findings position BM as a quantifiable neuroprotective 

biomarker, aligning with theoretical frameworks of brain maintenance that emphasize 

adaptive resilience against age- and pathology-driven functional decline. 

BM value Reveal Disease Stage-Specific Vulnerability 

Comparative analysis of BM distributions across cognitively normal (CN), mild 

cognitive impairment 24, and Alzheimer’s disease (AD) groups revealed distinct 

neurobiological signatures of pathological aging. While spatial BM patterns in CN and 

pathological groups (MCI/AD) showed no global differences (Figure 6.a), summed BM 

values across maintenance regions were significantly higher in CN compared to MCI 

and AD (Figure 6.b), with no MCI-AD group differences. Network-level analyses of 

covariate-adjusted BM residuals demonstrated that MCI exhibited pronounced BM 

reductions in the default mode (DMN), ventral attention (VAN), frontoparietal (FPN), 

and limbic networks relative to CN, whereas AD showed BM deficits only in VAN 

(Figures 6.c). 

Spatial mapping of group differences (Figures 7.d) highlighted broader BM 

reductions in MCI compared to AD, particularly in anterior medial/lateral prefrontal 

and temporal regions—key hubs of brain maintenance (Figures 6.e). Notably, BM 

differences in overlapping regions (e.g., superior frontal gyrus) were minimal between 

MCI and AD, suggesting MCI-specific vulnerability preceding widespread AD 

pathology. Furthermore, BM deficits in MCI/AD significantly correlated with domain-

specific cognitive decline (e.g., memory, executive function; Figure 6.f), reinforcing 

BM’s role as a mediator of clinical symptom severity. 

These findings identify MCI as a critical window of BM network sensitivity, 

offering early biomarkers for pathological progression, while underscoring the 

divergent neuroadaptive trajectories between MCI and AD. 

BM Networks Predict Stage-Specific Aβ Deposition 

Using a leave-one-out cross-validated generalized linear regression framework (see 

Methods), we evaluated the ability of BM values in maintenance regions to predict 
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whole-brain Aβ deposition across cognitively normal (CN), mild cognitive impairment 

24, and Alzheimer’s disease (AD) groups. In the All group (CN+MCI+AD) and CN 

group, BM hubs exhibited limited predictive sensitivity, with only the inferior orbital 

frontal cortex showing modest associations (Figure 7.a). In AD, predictive efficacy 

extended to the Rolandic operculum and precentral gyrus, while MCI demonstrated the 

highest sensitivity, with BM hubs in the superior/middle temporal gyri, middle 

cingulate, precuneus, and Heschl’s gyrus predicting Aβ deposition. 

Critically, aggregated BM values from top-predictive hubs inversely correlated with 

global Aβ burden (Figure 7.b), indicating that higher BM is associated with reduced 

amyloid pathology. This relationship was strongest in MCI, suggesting BM networks 

act as early neuroprotective buffers against amyloid accumulation during the preclinical 

phase. Statistical analyses in Figure 7 were performed using BM values extracted from 

predictive hubs identified by cross-validation, calculated across all subjects in each 

group. 

Discussion 

This study established a metric for quantifying brain maintenance (BM), integrating 

brain functional signatures that best capture BM characteristics with structural 

underpinnings to elucidate its neurobiological mechanisms. The spatial distribution of 

BM values across a large aging cohort revealed core maintenance hubs concentrated in 

the prefrontal cortex, cingulate gyrus, and precuneus, predominantly organized within 

high-order functional networks—including the default mode network (DMN), ventral 

attention network (VAN), and frontoparietal network (FPN). Domain-specific cognitive 

phenotypes (processing speed, episodic memory, cognitive control, working memory) 

exhibited distinct spatial associations with BM networks, where key regions (e.g., 

postcentral gyrus, superior frontal gyrus, middle cingulate) formed domain-linked 

subsystems to support cognition through combinatorial interactions. These associations 

are correlational, and while they may reflect adaptive processes, they should not be 

interpreted as direct evidence of compensation. Longitudinal analyses demonstrated 

significant negative correlations between BM values and rates of cognitive decline, 
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indicating that elevated BM predicts attenuated aging-related cognitive deterioration. 

Pathological aging cohorts (MCI and AD) showed markedly reduced BM compared to 

cognitively normal (CN) individuals, with MCI exhibiting greater sensitivity to BM 

alterations than AD, particularly in prefrontal and temporal hubs. Critically, BM deficits 

were robustly associated with increased Aβ deposition, highlighting its potential as an 

early biomarker for preclinical amyloid pathology. These findings position BM as a 

multifaceted neuroprotective framework, bridging functional resilience, structural 

integrity, and pathological progression, while offering actionable targets for 

interventions aimed at mitigating cognitive decline in aging and neurodegeneration. 

While these results indicated structure–function–cognition associations, it is 

important to contextualize their interpretation. Resting-state FC is inherently more 

domain-general than task-evoked activation; however, a large body of evidence 

demonstrates that intrinsic connectivity nonetheless exhibits systematic links to specific 

cognitive domains. For instance, prefrontal–parietal hubs are consistently associated 

with executive function, and DMN connectivity with episodic memory 31-33. This 

literature supports the plausibility of the domain-specific associations observed here, 

even in the absence of task-related activity. At the same time, not all associations 

conform neatly to expectations. The involvement of the postcentral gyrus—a primary 

somatosensory region—in higher-order cognitive associations is somewhat unexpected, 

as age-related connectivity changes are typically most pronounced in higher-order 

networks while primary sensorimotor networks show more variable effects 34. One 

possible interpretation is that, in older adults, the postcentral gyrus increases its 

integrative coupling with higher-order networks as sensory integrity declines, reflecting 

functional upregulation or rerouting 35,36. 

The pronounced heterogeneity in cognitive aging presents a critical challenge for 

unraveling its mechanisms and mitigating aging-related decline. BM serves as a pivotal 

concept in elucidating this phenomenon 37. From a lifespan developmental perspective, 

individual differences in cognitive aging manifest primarily in two dimensions: the 

peak cognitive performance achieved in early adulthood and the subsequent rate of 

decline with advancing age 38,39. However, contemporary research highlights the role 
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of adaptive strategies employed during aging. It is posited that BM refers to preserved 

neural integrity across aging, which may be associated with reduced accumulation or 

expression of age-related pathology 40. Prior studies demonstrate that BM modifies the 

relationship between brain structure and cognition: individuals with higher BM exhibit 

superior cognitive performance despite comparable gray matter volume or white matter 

integrity, suggesting more efficient utilization of available neural resources 41-43. 

Furthermore, elevated BM is associated with preserved brain network efficiency even 

amid gray matter atrophy 44,45. Our BM metric advances prior frameworks by directly 

quantifying neurobiological reserve, capturing older adults’ capacity to flexibly adapt 

to developmental changes. Strikingly, we identified “maintenance hubs”—brain 

regions where functional activity in older adults exceeds the maximal threshold 

predicted by youthful structural models. These hubs exhibit high inter-individual spatial 

consistency, yet the magnitude of functional excess varies systematically, reflecting 

individual differences in BM. This divergence underscores BM’s role in buffering age-

related neural decline while highlighting its potential as a biomarker for personalized 

cognitive resilience strategies. 

Notably, the identified BM hubs—localized to the medial/lateral frontal cortex 46-

48, cingulate cortex 49,50, and precuneus 51,52 — reflect intrinsic neurobiological 

mechanisms underlying brain maintenance. The BM regions, predominantly organized 

within high-order functional networks (default mode network [DMN], ventral attention 

network [VAN], and frontoparietal network [FPN]), occupy apex positions along 

functional gradients and serve as integrative hubs for cross-modal information 

processing 53. Longitudinal studies of cortical atrophy reveal divergent trajectories 

between normal and pathological aging: typical aging exhibits relatively uniform 

atrophy across frontal and temporal regions, whereas pathological aging (e.g., 

Alzheimer’s disease [AD]) is characterized by accelerated atrophy focused in the 

temporal lobe, with relative sparing of prefrontal regions 54. Further analyses of low-

risk populations (Aβ-negative, APOE ε4 non-carriers) demonstrate that mild cognitive 

impairment 24 and AD cohorts exhibit maximal standardized atrophy rates in temporal 

regions, while low-risk individuals retain a frontal-temporal balanced atrophy pattern 
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resembling normal aging 55,56. According to the multiple factor framework of brain 

aging 57,58, pathological cognitive aging (PCA) and normal cognitive aging 59 follow 

distinct trajectories: PCA is driven by early medial temporal lobe vulnerability and 

rapid pathological spread, whereas NCA predominantly involves gradual decline in 

fronto-striatal circuitry. Critically, our BM hubs overlap extensively with fronto-striatal 

networks, suggesting that BM variations in these hubs are critical markers of individual 

differences in developmental trajectories among the NCA cohort 60. Individuals failing 

to achieve NCA-level BM in these hubs may face elevated risks of transitioning to PCA, 

highlighting BM’s dual role as both a biomarker of resilience and a predictor of 

pathological progression. 

Brain maintenance, as a neurobiological property of the brain, reflects the 

preservation of neural structure and function that minimizes age-related neural decline, 

thereby supporting stable cognitive performance. Neuroplasticity—the brain’s ability 

to optimize neural circuit efficiency and adapt to internal and external demands—

provides a physiological foundation for BM 61. In the context of memory aging, 

neuroplastic mechanisms operate through three primary pathways: neurogenesis 

(generation of new neurons), structural remodeling (strengthened connectivity, 

volumetric expansion, or reorganization of existing pathways), and functional 

engagement (adaptive reconfiguration of activation patterns) 62. While neurogenesis 

and structural remodeling are resource-intensive and decline with aging, functional 

engagement emerges as a dominant adaptive strategy. The functional plasticity 

hypothesis of cognitive aging posits that structural atrophy impairs region-specific 

processes, yet the aging brain compensates by recruiting alternative regions (e.g., 

prefrontal and parietal cortices) to support task performance 63-65. Our findings extend 

this framework by illustrating functional reorganization consistent with previously 

described forms of age-related plasticity: older adults in our study exhibit functional 

performance that exceeds structural capacity predictions in certain regions (such as the 

prefrontal cortex), even when those regions have undergone significant atrophy. 

Remarkably, these regions maintain functional integrity despite structural degeneration, 

diverging from classical compensatory mechanisms, which typically involve 
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hyperactivation of intact regions to enhance task performance 5,66. Critically, our BM 

metric captures this dissociation between structural decline and preserved function, 

highlighting a mechanism distinct from traditional compensation. This phenomenon 

parallels a “software upgrade” compensating for aging “hardware”, where functional 

optimization offsets structural limitations. By quantifying BM as the gap between 

predicted and observed function, our framework identifies neuroplastic buffers that 

sustain cognition despite atrophy. These insights inform targeted interventions to 

amplify BM-driven plasticity, offering biomarkers to evaluate therapeutic efficacy and 

guide personalized strategies to mitigate cognitive decline. 

Educational attainment, a widely studied proxy for reserve, is recognized as a 

robust protective factor against age-related cognitive decline 67. However, in our study 

we observed no significant differences in BM values between high-education (≥14 

years) and low-education groups within BM hubs. We posit that this finding arises from 

the fundamentally different mechanisms that education and our BM metric reflect: 

education primarily reflects early-life advantages in neurobiological “hardware” 

(greater structural and cognitive development capacity), whereas our BM metric 

captures late-life adaptive “software” mechanisms that optimize functional 

performance within existing structural constraints. Extensive evidence demonstrates 

that higher educational attainment confers broad protective effects on late-life cognition, 

including benefits in executive function, visuospatial skills, language, and working 

memory 68,69. Higher education is also associated with reduced risk of Alzheimer’s 

disease and dementia 70-72, with stronger benefits for attention and executive function 

in preclinical stages compared to dementia cohorts 73. Critically, however, education’s 

protective effects are attributed to elevated peak cognitive capacity in early adulthood 

rather than a slower rate of decline in later years 74,75. Thus, while education helps 

maintain baseline cognitive performance in normal aging, it may inadequately buffer 

against the cognitive deterioration driven by aging or pathology. This distinction aligns 

with our findings: high education alone, without concurrent functional adaptation, does 

not augment BM. In other words, educational advantages in youth (“hardware”) do not 

automatically translate to enhanced maintenance of function in old age (“software”). 
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This underscores BM’s unique role in quantifying resilience through real-time neural 

efficiency rather than static structural reserves. It offers insights for interventions 

targeting adaptive plasticity to mitigate aging-related decline. Taken together, these 

findings suggest that traditional proxies and imaging-based maintenance metrics 

capture partially non-overlapping mechanisms of resilience. We therefore advocate 

integrative models that combine conventional proxies with imaging-based indices of 

BM to more comprehensively characterize individual differences in late-life cognitive 

outcomes. 

Although we observed statistically significant associations between our imaging-

derived BM index and concurrent cognitive performance (with the largest effects for 

episodic memory), the explained variance was modest (<1.5%). We view this modest 

effect size as consistent with the construct our metric targets. As clarified elsewhere, 

the present measure is best interpreted as a brain maintenance (BM)–oriented index—

capturing the contemporaneous preservation of structure–function coupling and, where 

deviations occur, potential adaptive efficiency—rather than as a proxy of premorbid 

capacity. Consequently, the index is not designed to determine absolute baseline 

cognition, which is influenced by multiple lifelong factors (e.g., early-life capacity, 

comorbidities, sensory and vascular factors). Instead, it is intended to index resilience 

against further decline: individuals may vary widely in current performance, yet those 

with higher BM index values are hypothesized to decline more slowly as aging or 

pathology progresses. 

This interpretation also clarifies why traditional proxies such as educational 

attainment—strong predictors of baseline cognitive level—need not align strongly with 

the BM-oriented index in cross-sectional analyses. Proxies largely reflect early-life 

advantages (“hardware”), whereas our metric emphasizes ongoing, late-life 

preservation/adaptation (“software”). Thus, small cross-sectional effects should not be 

taken to imply limited clinical relevance. Rather, they motivate a longitudinal testable 

prediction: higher BM index today should forecast reduced future cognitive decline, 

even after accounting for baseline performance and demographic proxies. Evaluating 

this prediction will require repeated assessments with harmonized neuroimaging and 
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cognition, which we identify as a key direction for future work. 

BM hubs exhibit domain-specific and domain-general contributions to multi-

domain cognition. Subregions within maintenance hubs—such as the medial/lateral 

superior frontal gyrus, precuneus, and cingulate cortex—demonstrated both specialized 

and overlapping associations with distinct cognitive domains in multivariate analyses. 

These regions overlap extensively with the fronto-striatal circuitry, a critical network 

linking the prefrontal cortex with subcortical striatum to support higher-order cognitive 

functions through complex cross-regional interactions 76,77. Our findings suggest that 

the relationship between BM and cognition depends on the differential contributions of 

these key subregions, with varying functional “weights” across cognitive domains. 

However, the specific neural mechanisms by which these subregional circuits mediate 

BM’s effects on cognition remain to be elucidated and will be an important topic for 

future research. Moreover, regions with positive function–structure discrepancies 

(observed function > predicted) were found mainly in higher-order association cortices 

(e.g., frontoparietal regions). In our analytical framework, such positive deviations 

indicate that functional activity is being preserved or enhanced beyond what cortical 

atrophy alone would predict, consistent with concepts of brain maintenance 42. This 

finding aligns with the posterior–anterior shift in aging, where older adults show 

increased frontal (anterior) activation and reduced occipital (posterior) activation as an 

adaptive response to neurodegeneration 78. The elevated functional performance in 

these regions may reflect protective scaffolding that helps maintain cognitive function 

despite structural declines. In contrast, regions with negative discrepancies (observed 

function < predicted), including parts of the occipital cortex, likely represent areas of 

vulnerability where structural aging leads to a proportional loss of function, indicating 

less available BM capacity. These interpretations illustrate how the spatial patterns in 

Figure 2.a support our model’s premise: they map out where the brain manages to 

uphold function against the odds of structural aging, and where it does not. 

Notably, while BM values in domain-specific hubs showed statistically significant 

correlations with performance in their respective cognitive domains, the effect sizes 

were modest (Pearson r < 0.2). This raises questions about BM’s robustness as a 
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standalone metric for explaining cross-sectional cognitive heterogeneity. However, this 

limitation aligns with our operational definition of BM as a dynamic buffer against 

decline rather than a direct correlate of baseline cognitive performance 4,79,80. In support 

of this interpretation, our longitudinal analyses demonstrated that higher BM values 

predicted slower cognitive decline, independent of education (a proxy emphasizing 

early-life structural advantages). This dissociation underscores BM’s unique utility in 

capturing adaptive resilience mechanisms that mitigate aging-related deterioration. 

The concept of BM extends beyond mitigating normal age-related cognitive 

decline to critically regulating the risk of transitioning from normal cognitive aging 59 

to pathological cognitive aging (PCA). Unlike conventional biomarkers of aging 

progression (e.g., gray matter volume, cortical thickness), BM values did not exhibit a 

smooth continuum of decline across the spectrum of cognitively normal, MCI, and AD 

individuals. Instead, we observed that MCI patients exhibit broader and more 

pronounced BM reductions in maintenance hubs, as well as greater sensitivity to 

changes in BM, compared to AD patients. This counterintuitive pattern may reflect 

stage-specific differences in neuroplastic capacity. In the early stages of pathology, such 

as MCI, residual brain maintenance and preserved neural resources may still support 

relatively preserved function, whereas at the AD stage, extensive structural damage is 

associated with a marked reduction in neural flexibility and the diminished capacity for 

functional reorganization. According to the Exploration-Selection-Refinement Model 

81, cognitive processing relies on a dynamic equilibrium between task demands and 

brain’s functional supply. In NCA, high BM enables individuals to restore or maintain 

this equilibrium by preserving functional supply when structural decline (reduces 

supply) occurs. MCI, while still processing some adaptive capacity, shows inefficient 

BM utilization, as evidenced by the marked BM reductions we found in the 

medial/lateral prefrontal cortex—key hubs for adaptive resource allocation. In contrast, 

AD’s widespread structural damage disrupts the neural “hardware” required for BM-

driven “software” optimization, rendering BM metrics unreliable in these regions. 

Notably, within the MCI, higher BM in the superior temporal gyrus and precuneus 

strongly was strongly associated with lower Aβ deposition, highlighting BM’s potential 
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as an early biomarker for preclinical AD pathology. In summary, these results extend 

existing BM frameworks by operationalizing brain maintenance as preserved structure–

function correspondence, providing a quantitative basis to examine individual 

differences in neural resilience across aging and neurodegeneration. It is important to 

acknowledge several methodological considerations in our BM-based prediction model 

for Aβ deposition. In the present study, we adopted a univariate generalized linear 

regression (GLM) approach with leave-one-out cross-validation (LOOCV), in which 

each BM-related region was evaluated independently as a predictor. This approach was 

chosen primarily to ensure model stability given the ratio of available sample size to 

the high dimensionality of regional features. By isolating each region, we were able to 

avoid overfitting and to obtain an interpretable measure of each region’s predictive 

contribution. However, this strategy comes with limitations. Most notably, by treating 

regions independently, the model does not capture inter-regional covariance or the 

network-level interactions that are intrinsic to brain organization. As a result, our 

findings should be interpreted as indicating region-specific associations with Aβ 

deposition, rather than as independent contributions controlling for all other regions. 

Future studies with larger samples will be better positioned to implement multivariate 

or regularized machine learning approaches (e.g., LASSO, ridge regression, or 

multivariate partial least squares) to model the joint predictive value of multiple regions 

simultaneously, thereby taking into account the covariance structure of the brain. 

Despite this limitation, our univariate GLM–LOOCV framework provides a 

conservative and interpretable step toward identifying BM-related regions that are most 

strongly associated with Aβ burden, while minimizing the risk of overfitting and 

enhancing reproducibility in the current dataset. 

 

Methods 

Participants 

Participants were from the BABRI community cohort 82, a community-based 

cohort of middle-aged and older adults started in 2008. The BABRI project was 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

approved by the Ethics Committee of the State Key Laboratory of Cognitive 

Neuroscience and Learning (IRB_A_0010_2024001) and the Institutional Review 

Board of the Brain Imaging Center of Beijing Normal University. All participants gave 

written informed consent. 

Inclusion criteria were: (1) aged ≥50 years; (2) ≥6 years of education; 30 no 

diagnosis of neurodegenerative (e.g., AD, Parkinson’s disease), neurological (e.g., 

severe cerebrovascular disease, brain tumor, trauma), or severe psychiatric disorders 

(e.g., major depression, bipolar disorder, schizophrenia); (4) no history of drug/alcohol 

abuse; (5) MMSE - Chinese version score ≥24 to exclude suspected dementia 83; (6) 

physical and mental ability to complete neuropsychological tests and information 

collection; and (7) completed T1 - weighted MRI and resting - state fMRI scans with 

no contraindications and acceptable image quality. 

Initially, 1,482 participants aged 50-90 were included. After excluding those who 

failed to meet the criteria and those with poor-quality images (incomplete scans, 

significant artifacts, fMRI maximum head motion > 3 mm/3°, or Mean FD > 0.5 mm), 

1,280 participants remained (age: 66.45 ±7.26 years; 494 men, 786 women; education: 

11.49 ±3.14 years). Among them, 323 had longitudinal cognitive assessment data 

(average follow-up: 3.19 ±1.34 years). All longitudinal analyses were based on two 

timepoints: baseline and a single follow-up assessment for each participant. The timing 

and distribution of follow-up visits are illustrated in Supplementary Figure 1. 

A total of N = 243 healthy young adults (136 females; mean age = 18.67±1.91 

years; mean education = 16.34±1.28 years were recruited to establish the youthful 

structural–functional reference model. This age range was selected because it 

corresponds to the peak of neurodevelopmental maturation and stable neuroanatomical 

profiles. 

The participant group for studying disease-related BM characteristics was separate 

from the above group. A total of 135 participants were recruited, including 76 NC, 30 

MCI patients, and 29 AD patients (See Supplementary Table 1). All participants 

completed florbetapir PET, structural MRI, and an extensive cognitive battery within a 

month. All participants met the following criteria: right-handed; native Chinese 
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speakers; at least 50 years old; and no history of neurological or psychiatric disorders. 

The diagnostic criteria for MCI based on Petersen’s criteria included (1) the presence 

of subjective cognitive complaints (self-reported and/or by informants); (2) normal 

general cognition (a score higher than 23 on the Mini-mental State Examination 

[MMSE]); 30 intact daily function (a score of 0 in the Instrumental Activity of Daily 

Living [IADL] and ADL); and (4) objective cognitive impairment (neuropsychological 

tests scores in “Neuropsychological test” less than 1.5 standard deviations below the 

age- and education-adjusted norms of the Chinese elderly population) 84. AD was 

diagnosed according to the criteria of the National Institute of Neurological and 

Communicative Disorders and Stroke and the Alzheimer’s Disease and Related 

Disorders Association Dementia 85,86 and further evaluated by brain CT or MRI. All 

participants gave written informed consent to our protocol, which was approved by the 

ethics committee of the State Key Laboratory of Cognitive Neuroscience and Learning, 

Beijing Normal University. 

Behavioral and cognitive assessment 

Neuropsychological assessments were administered only to the healthy older 

cohort and the MCI/AD patient group, but not to the young reference cohort. These 

participants underwent a battery of neuropsychological tests at baseline recruitment 82. 

The assessment involved general cognitive ability and cognitive function across five 

domains including memory, language, attention, spatial processing, and executive 

function. General cognitive ability was tested using the Chinese version of the MMSE 

83. Memory was tested using the Auditory Verbal Learning Test (AVLT) 87. Executive 

function was tested using the Stroop Color Word Test (SCWT) 88 and the Trail Making 

Test (TMT-B) 89. Spatial processing was assessed using the Clock Drawing Test (CDT) 

90. Attention was evaluated using the Symbol Digit Modification Test (SDMT) 91and 

the TMT_A test 89. Language was tested using the Boston Naming Test (BNT) and the 

Verbal Fluency Test (VFT) 92. 

Cognitive Decline Metric 

Cognitive decline was quantified based on two available neuropsychological 

assessments per participant (baseline and follow-up). The follow-up interval varied 
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across individuals (mean = 3.19 years, SD = 1.34 years, range = ~1–6 years). For each 

cognitive domain, we computed the annualized rate of change by dividing the 

difference between follow-up and baseline scores by the follow-up interval (years). This 

approach provides a linear approximation of decline for each participant. While limited 

in capturing nonlinear trajectories or short-term fluctuations, this measure allows for an 

overall assessment of longitudinal cognitive change across the cohort. 

Network Parcellation and Assignment 

To investigate the network-level distribution of BM regions, we assigned each 

brain region to one of seven canonical large-scale functional networks based on the 

Schaefer et al. 7-network parcellation scheme. The networks include: Default Mode 

Network (DMN), Frontoparietal Network (FPN), Ventral Attention Network (VAN), 

Dorsal Attention Network (DAN), Somatomotor Network (SomMot), Visual Network 

(Vis), Limbic Network (Limbic). 

Each region-of-interest (ROI) from the brain parcellation was assigned to a 

network according to the atlas provided by Schaefer et al. (2018) 93. This network 

assignment was used to quantify and compare the distribution of BM hubs and values 

across functional systems, as described in the Results. 

MRI image acquisition and data processing 

MRI scanning was performed in all participants. MRI data were acquired using a 

SIEMENS PRISMA 3T scanner at the Imaging Center for Brain Research at Beijing 

Normal University. Participants were in a supine position with their heads snugly fixed 

by straps and foam pads to minimize head movement. The T1-weighted structural 

images were acquired using 3D magnetization-prepared rapid gradient echo sequences: 

192 sagittal slices, repetition time (TR)=2530 ms, echo time (TE)=2.27 ms, slice 

thickness=1 mm, flip angle (FOA)=7°, and field of view (FOV)=256 mm×256 mm. 

Resting-state fMRI was acquired with 33 axial slices, TR = 2000 ms, TE = 30 ms, flip 

angle = 90°, slice thickness = 3.5 mm, matrix = 64 × 64, and FOV = 200 × 200 mm². 

During scanning, participants rested with eyes closed, remained awake, and minimized 

head movement. 

The MATLAB2021b (https://ww2.mathworks.cn/) and SPM12 
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(https://www.fil.ion.ucl.ac.uk/spm/software/spm12/) toolboxes with default parameters 

were used to pre-process the structural images. Modulated gray matter (GM) images 

were obtained through voxel-based morphometry and smoothed with an 8 mm full 

width at half maximum (FWHM) gaussian kernel to enhance signal-to-noise ratio and 

account for inter-individual anatomical variability, consistent with standard VBM 

procedures. Structural preprocessing was performed using the fMRIPrep pipeline, 

which applies standardized tissue probability maps in MNI space. A gray matter mask 

derived from these template-based priors was used to constrain subsequent analyses. 

For all subjects, cortical reconstruction of T1-weighted images was performed using 

FreeSurfer version 5.3 (http://surf er.nmr.mgh.harvard.edu) 94. This process involved 

registration to a template, intensity normalization, gray/white matter segmentation, and 

tessellation of gray/CSF and white/gray boundaries. Cortical surfaces were inflated and 

normalized via spherical registration, with cortical thickness defined as the shortest 

distance between the pial and white matter surfaces. The average regional cortical 

thickness was calculated without manual correction. The procedure included bias field 

correction, intensity normalization, and skull stripping using a watershed algorithm, 

followed by white matter segmentation, surface definition, and topology correction of 

the reconstructed surfaces. We used a triangular surface mesh representation of the 

midthickness human cortical surface. This representation, comprising 163,842 vertices 

in each hemisphere, was obtained from a down sampled, left–right symmetric version 

of the FreeSurfer’s fsaverage population-averaged 

template(https://github.com/ThomasYeoLab/CBIG/tree/master/data/templates/surface/fs_LR

_164k). Note that the template is independent of the data sample used in our analyses, 

thus avoiding concerns about circularity. 

The preprocessing pipeline for functional neuroimaging data 

Resting-state fMRI scanning was performed in all participants. Resting-state fMRI 

data were preprocessed using fMRIPrep (https://fmriprep.org/, V20.1.3), a standardized 

preprocessing framework that integrates multiple neuroimaging packages, including 

FSL, ANTs, FreeSurfer, and AFNI 59. The preprocessing procedure included head 

motion estimation, slice-timing correction, functional-to-structural registration, and 
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normalization to standard space. Quality control involved visual inspection of the 

anatomical images and exclusion of subjects with excessive head motion (maximum 

displacement > 3 mm or 3°, or mean framewise displacement > 0.5 mm). 

Importantly, global signal regression (GSR) was not applied in the functional 

preprocessing pipeline used in this study. After preprocessing, each 3D BOLD volume 

at each TR was projected onto the cortical surface using mri_vol2surf (FreeSurfer). 

Surface signals were then extracted separately for the left and right hemispheres and 

assembled across time into hemisphere-specific vertex-by-time fMRI matrices for 

downstream analyses. Thus, the functional input to the structural-to-functional 

modeling framework consisted of cortical surface-based time series represented at the 

vertex level, rather than voxel-wise volumetric data.  

Confound estimation was performed during preprocessing for quality assessment 

and standard nuisance characterization; however, no whole-brain global signal 

regression step was included in the pipeline used to generate the final functional 

matrices. Post-processing steps included linear drift removal, spatial smoothing, and 

temporal band-pass filtering (0.01–0.1 Hz), after which the resulting surface-based time 

series were used for subsequent modeling. 

PET processing 

PET scanning was performed only in MCI/AD patients. We used SPM12 to rigidly 

coregister the florbetapir PET scan to the structural MRI scan and spatially normalize 

it to a reference template. All PET images underwent smoothing with an 8 mm FWHM 

Gaussian filter. The standardized uptake value ratio (SUVR), a common 

semiquantitative method in antiamyloid drug trials, measures amyloid accumulation. 

Typically, the whole cerebellum or cerebellar gray matter serves as the reference region 

due to its minimal amyloid buildup 95-100. Using the cerebellum as the reference region 

is based on the assumption that its amyloid accumulation is negligible. However, post-

mortem studies have shown that a diffuse type of senile plaques exists in the cerebellum 

of some AD patients 96; meanwhile, the longitudinal study found the subcortical white 

matter, such as corpus callosum was relatively unaffected by amyloid accumulation 101, 

and it has been shown to be a reliable reference brain region 100,102. The use of the 
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cerebellum as the reference region in these cases where there is significant amyloid 

accumulation in the cerebellum is therefore inadequate. Thus, in the present study, we 

combined cerebellar GM and reliable reference brain region from longitudinal studies, 

that is, corpus callosum to generate average SUVR, from which the whole cerebellum 

was obtained from AAL, and the corpus callosum atlas came from the IIT Human Brain 

Atlas (https://www.nitrc.org/projects/iit) 102,103.  

Statistical analysis 

Cortical Reconstruction and Thickness Extraction 

This study employed multimodal neuroimaging data to examine the relationship 

between cortical thickness and functional reorganization. For structural data, individual 

cortical thickness maps were reconstructed using FreeSurfer and represented on the 

fsaverage surface space (163,842 vertices per hemisphere), yielding a vertex-by-

participant matrix for each hemisphere. For functional data, preprocessed resting-state 

fMRI signals were projected onto the cortical surface and organized as hemisphere-

specific vertex-by-time matrices, which were then stacked across participants to form 

a three-dimensional functional representation of vertex × time × participant (Figure 1.a). 

To characterize structure–function relationships, we adopted a revised 

spatiotemporal joint modeling framework. Rather than modeling each vertex or each 

time point independently, the functional output for each hemisphere was represented as 

a spatiotemporal tensor 𝑌 ∈ ℝ𝑉×𝑇, whereas the structural input was represented as a 

cortical thickness vector 𝑥 ∈ ℝ𝑉. The output tensor was partitioned into spatiotemporal 

blocks defined jointly over local vertex blocks and temporally contiguous windows. In 

the revised analysis, temporally contiguous windows of 100 TRs were used as the basic 

temporal modeling unit. Prediction was then performed jointly within each vertex-

block × time-window unit, allowing multiple vertices and multiple time points to be 

estimated simultaneously under a shared optimization objective. 

This framework was introduced to avoid the implicit assumption that vertices and 

time points are mutually independent. By jointly estimating local spatial and temporal 

structure, the model explicitly captures both spatial covariance and temporal 

dependency in the resting-state fMRI signal. Importantly, the revised framework does 
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not assume that the same TR index across participants corresponds to the same latent 

neural event. Instead, each participant contributes their own within-subject temporal 

sequence, and the model learns mappings to temporally continuous functional windows 

represented in a reduced spatiotemporal space. 

Measurement of BM Values 

To quantify brain maintenance (BM), we developed a structural-to-functional 

prediction model based on vertex-level cortical thickness and resting-state fMRI data. 

Structural data consisted of 163,842 cortical vertices per hemisphere in fsaverage space. 

Functional data consisted of 240 resting-state time points per participant, forming a 

vertex-by-time matrix for each hemisphere. 

In the cortical functional reorganization analysis, machine learning-based 

predictive models were employed to establish associations between vertex-level 

cortical thickness and functional activity patterns. prediction was performed using a 

leave-one-subject-out cross-validation 104 design. In the young reference group, model 

reliability was confirmed by achieving a robust correlation between predicted and 

observed resting-state functional activity (R > 0.6), with all permutation tests yielding 

p < 1 × 10⁻⁶. This demonstrated that the structural–functional mapping in young adults 

was consistent and reliable, supporting its use as a reference model for BM 

quantification.  

To reduce overfitting under the high-dimensional setting, dimensionality reduction 

was carried out explicitly within each fold. Specifically, principal component analysis 

(PCA) was applied to the structural input using the training participants only, and the 

held-out participant was projected into the corresponding fold-specific low-

dimensional space. A corresponding PCA procedure was also applied to the functional 

output using training data only, while preserving the temporal dimension. Thus, both 

the input and the output were represented in reduced spaces prior to prediction, 

substantially reducing dimensionality and preventing train–test leakage. 

Within each LOSO fold, the model learned a mapping from cortical thickness to 

spatiotemporal functional blocks in the young reference group. This mapping was then 

applied to older participants without parameter re-estimation, thereby estimating the 
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functional patterns maximally attainable from their preserved cortical structural 

integrity. Importantly, the aging cohort was never used to fit or optimize the reference 

mapping itself. Accordingly, the resulting BM metric reflects deviation from a 

normative structure–function relationship defined in young adults, rather than age-

specific model fitting. 

The resulting mapping was subsequently applied to the elderly cohort to estimate 

their maximally attainable functional capacity based on cortical structural integrity. 

Importantly, this step involved no parameter re-estimation: cortical thickness data from 

older individuals were projected into a fixed reference model derived from the young 

cohort. Consequently, the resulting brain maintenance (BM) metric reflects deviation 

from a normative structure–function relationship rather than a model fitted to aging data, 

thereby reducing the risk of overfitting.  

The framework preserves temporal structure throughout the functional 

representation and reconstruction process. Prediction is performed over temporally 

contiguous windows rather than isolated TRs, and the predicted blocks are then 

assembled back into a participant-specific reconstructed functional time series. Thus, 

the final model output is not a set of unrelated spatial states, but a temporally ordered 

reconstructed sequence for each participant. This distinction is critical because 

downstream functional connectivity (FC) analyses were derived from the reconstructed 

within-subject temporal series, rather than from independent spatial states lacking 

temporal continuity. 

To quantify structure–function discrepancy, time series were extracted using the 

Schaefer2018 functional network parcellation template 105, and FC matrices were 

computed for both empirically observed and structure-predicted signals. Brain 

visualizations were generated using BrainNet Viewer implemented in MATLAB 106. 

The discrepancy between these matrices was quantified using the Frobenius norm. In 

our framework, positive discrepancies (observed function exceeding reconstructed 

prediction) indicate regions where functional activity is maintained or enhanced beyond 

what cortical structure alone would predict, consistent with the concept of BM as 

protective adaptation. Conversely, negative discrepancies (observed function falling 
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below structural prediction) reflect regions where functional performance declines 

more than expected from structural integrity. Thus, rather than interpreting all 

deviations from the optimal young-adult reference as higher BM, we differentiate 

between positive deviations (empirical function > reconstructed function) and negative 

deviations (empirical function < reconstructed function). This approach allows us to 

capture both maintenance mechanisms within the aging brain (Figure 1.b). 

SCCA Analysis 

The current study used Sparse Canonical Correlation Analysis (SCCA) to explore 

the relationship between the spatial distribution of BM and multi-domain cognitive 

function. Unlike traditional CCA, which struggles with high-dimensional data, SCCA 

introduces regularization to handle cases where feature dimensions exceed the sample 

size. It has been successfully applied in neuroscience research linking neuroimaging 

and behavioral data 107-109. Sparse regularization was applied in the structure–cognition 

analyses (SCCA), where inference depended on estimating associations between brain 

features and behavioral outcomes. In contrast, sparse regularization was not applied to 

the structure–function mapping, as no parameters were optimized in the aging cohort. 

Instead, the mapping function was fixed a priori, and BM was quantified as a deviation 

metric relative to this reference space. Therefore, regularization was not required for 

controlling model complexity in this context 110. 

The analysis was performed in R using the PMA package. The model maximized 

the covariance between linear combinations of cortical thickness (u) and cognitive 

scores (v), while maintaining sparsity. This multivariate method effectively identifies 

key associations between brain reorganization and cognitive function. 

To avoid overfitting and inflated covariance estimates, the study adopted a 

training/test split. Optimal sparsity parameters were determined via five-fold cross 

validation and grid search on the training set, with model performance validated on the 

independent test set. BM values and cognitive function canonical correlation 

coefficients were generated for the test set. Bonferroni correction was applied to control 

for multiple comparison false positives, with only features having |weights| > 0.1 

reported. This design provides an unbiased estimate of BM-cognition associations. 
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Covariate Control and Group Comparison 

Covariate effects on the primary dependent variable (BM) were controlled using 

multiple linear regression. Specifically, age, sex, and years of education were included 

as covariates and mean-centered prior to analysis. For each brain region, BM values 

were regressed on these covariates, and the resulting residuals were used for subsequent 

analyses as covariate-adjusted measures. 

To prevent information leakage, covariate adjustment was performed strictly within 

each cross-validation fold. For each iteration, regression coefficients were estimated 

using only the training data and then applied to both the training and corresponding test 

sets to obtain covariate-adjusted residuals. This ensured that no information from the 

held-out data contributed to covariate estimation, in accordance with recommended 

best practices for predictive modeling 111. 

All reported results therefore reflect fully cross-validated estimates, with covariate 

adjustment and model evaluation strictly separated across folds. 

When comparing BM values between demographic groups (e.g., males vs. 

females), covariate adjustment included age and education only. Similarly, when 

examining the effects of age or education on BM, the remaining demographic variables 

were included as covariates. Group differences in BM residuals were assessed using 

independent-sample t-tests for the relevant brain regions (Figure1.c.①). 

Cognitive Behavioral Longitudinal Dataset 

Calculating Rates of Cognitive Decline 

Within the large sample of 1,280 participants, 323 had longitudinal cognitive - 

assessment data. For each individual, the rate of decline in each cognitive domain was 

calculated by subtracting baseline cognitive scores from follow - up scores and dividing 

by the time interval (in years) between baseline and follow-up. 

Correlations and Spatial Distribution of BM Values and Cognitive Decline Rates 

To test if BM values correlate with cognitive decline rates, Pearson correlations 

were computed between the two. Brain regions with significant correlations (after 

correction) were marked. Additionally, we examined correlations between the summed 

BM values across all brain regions and cognitive decline rates to explore which 
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cognitive domains show stronger associations with preserved brain maintenance 

(Figure 1.c.②). 

Pathological Aging Validation Dataset 

ANOVA Analysis 

Firstly, we obtained the BM values for further analysis by controlling for age, sex, 

and education using linear regression residuals. A one-way ANOVA was performed on 

the residuals of BM values across brain regions for the CN, MCI, and AD groups. 

Regions with significant between-group differences (FDR-corrected p < 0.05) were 

identified and further compared using Tukey’s HSD test to determine which pairs (CN-

MCI, CN-AD, MCI-AD) showed significant BM differences. Additionally, correlations 

were assessed between BM value differences (relative to the CN group mean) in these 

regions and cognitive differences between the MCI/AD groups and the CN group. 

Building a BM-Based Prediction Model for Aβ Deposition 

To evaluate whether brain maintenance (BM)–related regions carry predictive 

information about amyloid-β (Aβ) deposition, we implemented a univariate generalized 

linear regression (GLM) framework combined with LOOCV method. The steps were 

as follows: For each BM-related brain region, we treated the whole-brain Aβ deposition 

level as the target variable (Y) and the regional BM value as the predictor (X). A 

separate GLM was fit for each region independently, rather than entering all regions 

simultaneously into a multivariate model.   

Predictive performance was quantified using root mean squared error (RMSE) 

across LOOCV folds. Rather than relying solely on the mean of the outcome variable 

as a baseline, prediction accuracy was interpreted relative to a permutation-informed 

null model. Specifically, Aβ values were randomly permuted across individuals and 

RMSE was recomputed under the same LOOCV procedure, yielding an empirical null 

distribution that reflects chance-level performance. This approach allows assessment of 

whether observed predictive accuracy exceeds what would be expected under random 

association.  

To avoid circular inference, region-level screening based on RMSE was treated 

strictly as a data-driven feature identification step within the cross-validation 
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framework. No group-level statistical inference was performed at this stage. Regions 

exhibiting RMSE values f lower than the permutation-based null expectation were 

retained as candidate predictors. For these regions, inverse RMSE (1/RMSE) was used 

as an index of relative predictive strength (Figure 1.c.③). 

Subsequently, statistical analyses of the association between BM values and Aβ 

deposition were conducted at the group level (training + test sets). Specifically, after 

predictive regions were identified using leave-one-out cross-validation (LOOCV), BM 

values were extracted from these regions across the entire cohort, and group-level 

regressions were performed to assess the relationship with global Aβ burden. These 

analyses were conducted post hoc and are therefore interpreted as exploratory rather 

than confirmatory. This analytical separation ensures that feature selection and 

statistical inference were not conflated, thereby reducing the risk of circularity and 

inflated effect sizes. Future work with independent validation cohorts or nested cross-

validation will be necessary to establish the generalizability of these associations. 

Several limitations of this study should be acknowledged. Most importantly, the 

absence of longitudinal neuroimaging data in pathological aging cohorts restricts our 

ability to delineate how BM dynamically mitigates pathological progression or 

modulates the transition risk from normal to pathological aging. While such data allow 

us to quantify structure–function discrepancies and their associations with cognition 

and pathology at the group level, they cannot capture the dynamic processes through 

which brain maintenance are engaged as structural decline unfolds over time. Indeed, 

prior longitudinal studies 2,7,112,113 demonstrate that repeated assessments are essential 

for directly probing the temporal dynamics of maintenance. Future work applying our 

structure-informed maintenance index in longitudinal cohorts will therefore be critical 

to validate and extend our findings, and to track how individual differences in 

maintenance evolve in relation to cognitive decline and disease progression.  

Second, although longitudinal cognitive assessments were available for a subset of 

participants (n = 323), the relatively limited follow-up interval (mean follow-up: 3.19 

±1.34 years) and incomplete coverage of behavioral domains constrain causal 

inferences between regarding the protective effects of maintenance and their 
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relationship to cognitive decline. Extended follow-up studies incorporating serial 

multimodal neuroimaging (e.g., annual MRI/PET) alongside comprehensive cognitive 

testing will be critical to establish the temporal neuroprotective effects of maintenance 

and to unravel the bidirectional relationships between maintenance, structural atrophy, 

and pathological spread. 

Third, a key limitation of the present study is that our cognitive decline metric was 

derived from only two time points per participant collected at variable follow-up 

intervals. As such, the estimated “rate of change” should be interpreted as a simplified, 

linear index of decline between baseline and follow-up, rather than a robust trajectory. 

This method does not account for potential nonlinear patterns of decline, intra-

individual variability, or short-term fluctuations in cognition. Furthermore, 

heterogeneity in follow-up duration introduces additional variability that may reduce 

precision. Nevertheless, this approach provides a useful index of longitudinal change 

and enabled us to examine the association between our imaging-based maintenance 

index and cognitive decline. Future studies with longer follow-up durations and 

multiple repeated assessments will be important for validating these findings and for 

applying more sophisticated statistical models, such as mixed-effects models or latent 

growth models, to better characterize the dynamics of decline. 

Finally, the exclusion of complementary biomarkers, such as tau pathology (e.g., 

tau-PET) or cerebral metabolism (e.g., FDG-PET), limits the biological interpretability 

of BM mechanisms. Future studies should integrate multi-modal neuroimaging to 

disentangle how BM interacts with hallmark Alzheimer’s pathologies (Aβ/tau) and 

metabolic dysregulation.  

Addressing these gaps will advance BM from a theoretical construct to 

a multidimensional biomarker system, bridging molecular, structural, functional, and 

behavioral layers of cognitive resilience. This integrative approach is essential for 

developing precision interventions that target BM-specific pathways to delay or prevent 

pathological aging. 

 

Data availability 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

The minimum dataset necessary to interpret, verify, and extend the findings of this study 

is available under controlled access because it contains participant-level neuroimaging 

and/or clinical data subject to ethical, legal, and institutional restrictions. Access may 

be granted to qualified researchers for non-commercial academic research purposes 

upon application to Xin Li, Beijing normal University, lixin99@bnu.edu.cn, subject to 

approval by data access committee and, where required, a data use agreement. Requests 

will typically be reviewed within 8 weeks. Approved data will remain available to the 

requester for 6 months. 

 

Code availability 

Custom codes are available at https://github.com/Rainmon2020/Cognitive-Reserve.   
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Table 1. Characteristics and neuropsychologic test results     

  Large-sample Dataset Longitudinal Dataset Pathological aging verification dataset 

 Total Total Total NC MCI AD 

  n = 1280 n = 323 n = 135 n = 76 n = 30 n = 29 

Sex (female, %) 786 (61.4%) 198 (61.3%) 79 (58.5%) 43 (56.6%) 15 (50%)  21 (72.4%)  

Age (years) 66.45±7.26 65.74±6.73 68.23 ± 8.09  67.08 ± 7.63  68.73 ± 8.35 70.72 ± 8.65 

Education (years) 11.49±3.14 11.47±2.98 12.60 ± 3.80 13.19 ± 3.56 12.07 ± 3.35 11.62 ± 4.62 

MMSE 27.34±2.35 27.63±2.03 24.11 ± 6.96  27.58 ± 1.65  26.30 ± 1.56  12.76 ± 7.11 

AVLT (N1-N5) 27.88±9.44 28.98±9.22 21.63 ± 12.20  29.08 ± 8.90  16.90 ± 8.15  6.46 ± 4.68 

SDMT 34.31±10.77 34.02±10.30 29.25 ± 14.42  35.86 ± 11.50  25.16 ± 9.99  10.19 ± 8.59 

TMT-A 60.23±23.03 59.18±21.72 75.77 ± 42.87  58.74 ± 20.43  86.70 ± 39.95  140.20± 62.69 

TMT-B 172.44±70.99 168.46±62.61 179.10 ± 79.07  153.58 ± 50.42  210.61 ± 92.43  311.25± 89.11 

SCWT C-B time 40.67±21.05 40.17±22.09 51.94±39.18 42.20±18.80 57.93±36.95 89.73±79.38 

CDT 24.33±4.81 24.05±4.85 21.74 ± 8.62  25.29 ± 4.46  23.83 ± 5.51  10.07 ± 9.67 

CVFT 44.61±8.99 45.65±8.76 35.77 ± 14.35  43.82 ± 8.65  34.70 ± 9.22  15.79 ± 10.33 

DST 12.25±2.20 12.20±2.10 11.5±3.20 12.52±2.68 11.67±1.90 8.61±3.88 

Note: The measured data are represented by the mean and standard deviation. AVLT: Auditory Verbal Learning Test; SCWT C-B: Stroop Color and Word Test 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

C minus Stroop Color and Word Test B (time); TMT: Trail Making Test; CDT: Clock-Drawing Test; CVFT: Category Verbal Fluency Test, including fruit, 

vegetable, and animal fluency test; SDMT: Symbol Digit Modalities Test; DST: Digit Span Test. 

 

Figure 1. Methodological Framework for BM Quantification and Analysis. (a) Multimodal neuroimaging data processing pipeline. 

Structural MRI data underwent cortical reconstruction and cortical thickness mapping using FreeSurfer in fsaverage space. Resting-state fMRI 

data were preprocessed and registered to fsaverage space to generate vertex-wise functional matrices (vertex × time × participant). 

(b) Machine learning-based BM measurement. Decision tree regression models linked vertex-level cortical thickness to resting-state functional 

activity patterns in young adults using leave-one-out cross-validation (LOOCV). Model-derived functional predictions for older adults were 

compared with empirical data using the Frobenius norm of connectivity matrix differences to quantify BM. 

(c) Analytical modules. ① Sparse canonical correlation analysis (SCCA) with ℓ1 regularization was used to identify multivariate associations 

between BM spatial distribution and multidomain cognitive performance. ② Pearson correlations were used to examine associations between 

aggregated BM values and domain-specific cognitive decline rates. ③ Leave-one-out cross-validated regression identified BM hubs predictive 

of amyloid-β (Aβ) deposition, weighted by root mean squared error (RMSE) reduction. 

SCCA, sparse canonical correlation analysis; LOOCV, leave-one-out cross-validation; RMSE, root mean squared error; Aβ, amyloid-β; MMSE, 

Mini-Mental State Examination; AVLT, Auditory Verbal Learning Test; SDMT, Symbol Digit Modalities Test; TMT-A/B, Trail Making Test A/B; 

SCWT, Stroop Color Word Test; CDT, Clock Drawing Test; VFT, Verbal Fluency Test; DST, Digit Span Test. 
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Figure 2. Spatial Distribution and Functional Architecture of Core BM Regions. (a) Whole-brain spatial distribution of BM values, showing 

an anterior–posterior gradient with enriched BM in prefrontal, temporal, cingulate and parietal regions. 

(b) Population frequency map highlighting brain regions consistently classified as BM hubs across individuals. 

(c) Positive correlation between regional BM values and hub frequency, validating the overlap between BM-rich areas and high-frequency hubs. 

(d) Spatially consistent core BM regions identified by intersecting regions with high BM values and high hub frequency. 

(e) Functional network decomposition of core BM regions. 

(f) Ranking of canonical functional networks by total BM magnitude. Default mode, ventral attention and frontoparietal networks contributed 

most strongly to the BM-rich regions. 

Color bars indicate the corresponding mapped variable in each panel. DMN, default mode network; VAN, ventral attention network; FPN, 

frontoparietal network; DAN, dorsal attention network; SomMot, somatomotor network; Vis, visual network; Limbic, limbic network. Figures 

were generated using MATLAB (MathWorks, Natick, MA, USA). 

 

Figure 3. Age and Sex Differences in BM Networks. (a) Regional age differences in BM. Younger-old adults showed higher BM in prefrontal 

and sensorimotor regions, whereas older-old adults showed relatively higher BM in temporal and parahippocampal regions. 
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(b) Regional sex differences in BM. Females showed higher BM in cingulate–precuneus and frontal regions, whereas males showed higher BM 

in frontotemporal and parahippocampal regions. 

(c) Network-level age differences in BM. Younger-old adults showed higher BM in ventral attention, somatomotor, frontoparietal and dorsal 

attention networks, but lower BM in visual and limbic networks than older-old adults. 

(d) Network-level sex differences in BM. Males showed higher BM in default mode, frontoparietal and limbic networks, whereas females 

showed higher BM in somatomotor and dorsal attention networks. 

Bars in c and d represent normalized BM values. Color bars indicate the mapped BM-related measure in a and b. *p < 0.05, ** p < 0.01, ***p < 

0.001; all statistical tests were two-sided and P values were corrected for multiple comparisons. DMN, default mode network; FPN, 

frontoparietal network; VAN, ventral attention network; DAN, dorsal attention network; SomMot, somatomotor network; Vis, visual network; 

Limbic, limbic network. Figures were generated using MATLAB (MathWorks, Natick, MA, USA). 

 

Figure 4. Domain-Specific and Cross-Phenotype Integration of BM Networks. (a) Spatial maps of BM hubs associated with distinct 

cognitive phenotypes. Processing speed was associated with the right supramarginal gyrus (SMG), middle cingulate cortex (MCC) and left 

precuneus (PCUN); episodic memory with bilateral superior frontal gyrus (SFG), left MCC and medial SFG; cognitive control with inferior 

orbital frontal cortex (IOFC) and anterior cingulate cortex (ACC); and working memory with the right middle temporal gyrus (MTG) and 

PCUN. Shared hubs across phenotypes are indicated in the panel. 
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(b) Contribution weights of neuropsychological tests to the four cognitive phenotypes derived from sparse canonical correlation analysis. 

(c) Correlations between summed BM values of phenotype-specific hubs and composite cognitive scores weighted by neuropsychological test 

contributions. Pearson correlation tests were two-sided, and P values were corrected for multiple comparisons. Exact P values are shown in the 

panel where possible. 

SMG, supramarginal gyrus; MCC, middle cingulate cortex; PCUN, precuneus; SFG, superior frontal gyrus; IOFC, inferior orbital frontal cortex; 

ACC, anterior cingulate cortex; MTG, middle temporal gyrus. Figures were generated using MATLAB (MathWorks, Natick, MA, USA). 

 

Figure 5. BM Networks Predict Slowed Cognitive Decline in Aging. (a, c) Spatial distribution of BM hubs associated with reduced decline 

rates across cognitive domains. Stronger protective effects were observed for general cognition and working memory, followed by visuospatial 

and language domains, whereas episodic memory, processing speed and cognitive control showed more restricted phenotype-specific 

associations. 

(b, d) Negative correlations between aggregated BM values, summed across decline-related hubs, and cognitive decline rates. Higher BM was 

associated with slower longitudinal cognitive deterioration. Pearson correlation tests were two-sided, and P values were corrected for multiple 

comparisons. Exact P values are shown in the panels where possible. 

Color bars indicate the mapped BM-related measure in a and c. MMSE, Mini-Mental State Examination; DST, Digit Span Test; CDT, Clock 
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Drawing Test; VFT, Verbal Fluency Test; AVLT, Auditory Verbal Learning Test; TMT-A, Trail Making Test A; SCWT, Stroop Color Word Test. 

Figures were generated using MATLAB (MathWorks, Natick, MA, USA). 

 

Figure 6. Stage-Specific Vulnerability of BM in Pathological Aging. (a) Whole-brain spatial BM patterns in cognitively normal (CN), mild 

cognitive impairment 24 and Alzheimer’s disease (AD) groups. 

(b) Summed BM values across BM-related regions in CN (n = 76), MCI (n = 30) and AD (n = 29) participants. Violin plots show the distribution 

of BM values; center lines indicate the median, boxes indicate the interquartile range and whiskers indicate the minima and maxima. Group 

differences were assessed using one-way ANOVA followed by Tukey’s honestly significant difference (HSD) post hoc tests. All statistical tests 

were two-sided. *p < 0.05, ** p < 0.01, *** p < 0.001; P values were corrected for multiple comparisons. Exact P values are provided where 

possible. 

(c) Network-level BM differences across pathological aging groups. Bars represent mean values ± SEM. *p < 0.05, ** p < 0.01, *** p < 0.001; 

all statistical tests were two-sided and P values were corrected for multiple comparisons. 

(d) Spatial maps of BM reductions in MCI versus CN and AD versus CN. 

(e) Overlap and specificity of BM-deficient regions across disease stages. 

(f) Associations between BM deficits in MCI/AD and domain-specific cognitive performance. Pearson correlation tests were two-sided, and P 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

values were corrected for multiple comparisons. Exact P values are shown in the panels where possible. 

Color bars indicate the corresponding mapped variable in a, d and e. CN, cognitively normal; MCI, mild cognitive impairment; AD, Alzheimer’s 

disease; DMN, default mode network; VAN, ventral attention network; FPN, frontoparietal network; SEM, standard error of the mean. Panels a–

d and f were generated using MATLAB (MathWorks, Natick, MA, USA). Panel e was generated using Python.   
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Figure 7. Stage-Specific Predictive Efficacy of BM Networks for Aβ Deposition. 

(a) Regional predictive power of BM hubs for Aβ deposition across CN, MCI, and AD 

groups. In the All group (CN+MCI+AD) and CN group, only the inferior orbital 

frontal cortex (IOFC) showed modest associations. AD exhibited predictive BM hubs 

in the Rolandic operculum (RO) and precentral gyrus (PreCG), while MCI 

demonstrated the highest sensitivity with hubs in the superior/middle temporal gyri 

(STG/MTG), middle cingulate (MCC), precuneus (PCUN), and Heschl’s gyrus; (b) 

Inverse correlation between aggregated BM values of top-predictive hubs and global 

Aβ burden (SUVR). The strongest association was observed in MCI, indicating BM’s 

neuroprotective role against amyloid accumulation during preclinical stages. Pearson 

correlation tests were two-sided, and P values were corrected for multiple 

comparisons. Exact P values are shown in the panel where possible. 

Note: The statistical results are reported at the group level: predictive regions were 

identified using LOOCV (panel a), and BM values from these hubs were then 

extracted across all participants to evaluate associations with global Aβ deposition. 

Panel a was generated using Python. Panel b was generated using MATLAB 

(MathWorks, Natick, MA, USA).  

 

 

 

Editor’s Summary: Using multimodal MRI and PET across healthy and pathological 

aging, the authors derive a structure-function brain maintenance metric that predicts 

cognitive resilience, slower decline, and lower amyloid burden. 

Peer review information: Nature Communications thanks Lars Nyberg who co-

reviewed with Emma Rodrigues; and the other, anonymous, reviewer(s) for their 

contribution to the peer review of this work. A peer review file is available. 
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