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Abstract

Social connectedness is a robust predictor of health and longevity. While previous research has mainly focused on the
benefits of receiving social support, the neuroprotective potential of providing social support to others remains
underexplored. Using data from the Midlife in the United States (MIDUS) study, we tested whether total monthly
hours spent providing instrumental and emotional support prospectively predict a brain age estimation gap
(BrainAGE), a transdiagnostic biomarker of neurodegenerative disorders, psychiatric conditions, and mortality.
BrainAGE was estimated with a machine-learning algorithm trained to predict chronological age from structural
magnetic resonance imaging (MRI) scans. Combining hierarchical regression with bootstrapping and data-driven
variable selection, we found that greater support provision was significantly associated with a younger-appearing
brain for a given chronological age. This association persisted after controlling for a comprehensive set of covariates,
including demographic characteristics, health conditions, lifestyle factors, and broader psychosocial contexts,
including social support received. Notably, the hourly measure of support provision explained incremental variance in
BrainAGE beyond role-based indices such as caregiving status or grandparenthood. Exploratory analyses further
indicated that emotional support was more strongly associated with lower BrainAGE than instrumental assistance.
Our findings highlight everyday prosocial behavior as a potential neuroprotective pathway in mid-to-late adulthood,
with implications for intervention and policies for healthy aging.

Introduction

Decades of research have shown that individuals embedded in supportive social networks experience lower rates of
chronic illness, improved stress regulation, and reduced mortality [1-3]. Yet, what specific behaviors within
affiliative relationships account for these benefits? Most prior work has focused on the benefits of receiving support
from others [4]. By contrast, the consequences of providing support have received far less empirical attention and are
often presumed to be burdensome [5, 6].

While support provision can be demanding, nascent evidence suggests it may not be uniformly costly. The
“Healthy Caregiver Hypothesis™ posits that activities inherent in helping others can be conducive to psychological
and cognitive functioning among caregivers [7, 8]. Consistent with this view, involvement in personal caregiving has
been shown to correlate with greater well-being [9, 10], slower age-related cognitive decline [11], and a reduced
mortality risk compared with non-caregivers, albeit with varying effect sizes [12—15]. Similar benefits have been
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identified outside caregiving contexts, with a range of “small acts of kindness” having modest yet significant positive
effects on mood, sense of purpose, and mental health in young and older adults [16-20].

Do the benefits of helping extend beyond psychological well-being to influence brain health? If prosocial
engagement is a key building block of healthy aging, its effects may also be reflected in aging-related changes in the
brain. Aging in the human brain is accompanied by well-characterized reductions in gray matter volume and white
matter integrity [21]. Brain age estimates, derived from machine-learning algorithms trained to predict chronological
age from these neuroanatomical features, can provide a powerful window into whether individuals are on normative
aging trajectories at the neural level [22, 23]. Critically, an older brain age relative to chronological age, or greater
brain age estimation gap (BrainAGE), has emerged as a transdiagnostic biomarker of vulnerability across multiple
neurological and psychiatric conditions: BrainAGE is associated with elevated risk for dementia, depression, and
schizophrenia, as well as cardiometabolic dysregulation and mortality [24-28]. Establishing whether prosocial
behaviors coincide with or lead to a lower BrainAGE can therefore provide unique insights into how helping
behaviors get “under the skull” and may point to a modifiable, biologically grounded target for promoting healthy
aging, with reduced vulnerability to mental and physical health decline [29, 30].

Despite this promise, evidence linking prosociality to brain age remains scarce. Several recent studies have
suggested that parenting may have protective effects on brain structure and function [31], with the number of
offspring associated with a younger brain age in both sexes [32]. Similarly, grandmothers actively involved in
childcare or family caregivers for people living with dementia show lower BrainAGE than demographically matched
controls [33]. These pioneering studies, however, relied on indirect proxies for prosocial engagement, such as parity
counts or caregiver status. This approach obscures variation in the intensity and types of helping and provides only
partial insight into how prosocial behaviors occurring outside caregiving or parenting relate to brain age. In addition,
most prior work did not adequately account for factors known to influence both helping and biological aging,
including socioeconomic background, health conditions, lifestyle, the size and quality of the relational network, and,
importantly, social support received from others [34-38]. These limitations restrict the generalizability of existing
findings and call for approaches that quantify the actual time and effort invested in support provision and incorporate
systematic adjustments for potential confounding factors.

The goal of this study is to address these gaps and rigorously test whether everyday prosocial behaviors are
associated with brain age across adulthood. We leveraged the Midlife in the United States (MIDUS) study [39], one
of the largest studies on aging and well-being in the United States. MIDUS includes rich psychosocial, behavioral,
and neuroimaging data from nationally representative samples, making it uniquely suited to our aim. Specifically, we
examined whether individual differences in unpaid instrumental assistance and emotional support to others are
associated with younger brain age, controlling for a wide array of covariates. We hypothesized that greater support
provision would be associated with a younger estimated brain age for a given chronological age. Successful vali-
dation of this hypothesis would strengthen the case for a link between prosocial behavior and helpers’ brain health,
paving the way for future studies with a mechanistic and translational focus.

Methods
Sample characteristics

We analyzed data from participants in the MIDUS 3 and MIDUS Refresher 1 cohorts [40, 41]. MIDUS 3 (M3) is the
second longitudinal follow-up of the original MIDUS cohort, collected in 2013-2022, and includes adults aged
approximately 40-95 years at the time of MRI scanning. MIDUS Refresher 1 (MR) is a cross-sectional cohort
recruited in 2011-2016 to replenish the younger and middle-aged adults (aged 25-74). Data collection procedures
were closely harmonized across the MR and M3 neuroscience projects. This provides analytic consistency not
possible with the earlier MIDUS cohort, which employed different MRI acquisition protocols [42]. We focused on
participants who completed the core surveys, biomarker assessment, and MRI scan. Only those without missing data
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were selected, resulting in a final sample of 194 adults (mean age = 55.9 + 13.4; 105 females; 148 white, 32 black, 14
others). This sample size is adequate, as determined by a priori power analysis (Supporting Information SI1). To
characterize potential selection bias, we compared participants across inclusion stages, from the eligible core survey
sample to the Neuroscience Project subsample and the final complete-case analytic sample used here (SI2). Notably,
all non-MRI data, including measures of social support provision, were collected prior to the MRI session (Mean lag
= 3.7+2.6 years), providing a temporal separation between predictors and neural outcomes. All MIDUS study
procedures and materials were approved by the University of Wisconsin-Madison Institutional Review Board (IRB)
(Core survey: 2016-1051; Biomarker: 2014-0813; MRI: 2016-0054), and all participants provided written informed
consent.

Key variables
Social support provision

We operationalized social support provision as the total monthly hours of unpaid assistance and emotional support
given to spouses, children, relatives, friends, and anyone else (“On average, about how many hours per month do you
spend providing unpaid assistance/emotional support to each of the following people?”). Participants were prompted
to consider a broad range of daily activities, such as assisting with household tasks, transportation, or childcare;
comforting others; listening to problems; or offering advice. In this way, we were able to capture everyday prosocial
behaviors beyond formal caregiving roles and traditional parenting. Raw values for each measure were aggregated
and standardized into a global index of support provision. To explore dissociable effects of unpaid instrumental
assistance and emotional support, we also calculated aggregate scores for each type of help separately (See Analysis).
Descriptive statistics on social support provision by recipient type are summarized in SI3.

Covariates

We controlled for a comprehensive set of variables known to be associated with biological aging, longevity, and
prosocial engagement. These include demographic characteristics (i.e., age at MRI scan, sex) [43], health conditions
(i.e., body mass index, total number of chronic conditions, depressive symptoms) [33, 44], lifestyle (i.e., frequency of
exercise, drinking, smoking, and cognitively engaging activities) [34, 45, 46], and broader psychosocial contexts (i.e.,
income, education level, social network size) [47-49]. Education and income levels were standardized and combined
into a composite SES score. Exploratory analyses assessing the effect of these variables separately are reported in SI4.
Importantly, we also directly controlled for total weekly hours of unpaid assistance and emotional support received
from others, perceived relationship quality with others (i.e., Positive Relationship with Others subscale of the Ryff
Scale of Psychological Well-Being) [50], and subjective stress (i.e., Perceived Stress Scale) [51]. When needed, data
were recoded so that higher values corresponded to greater magnitude. The list of all covariates and the rationale for
their inclusion are described in SIS. We note that some covariates, such as depressive symptoms or perceived stress
[19, 52], may lie within the mechanistic pathway linking support provision and BrainAGE, rather than acting solely
as confounders. Since the present sample size is not optimal for estimating such indirect effects [53, 54], we treated
them as covariates in the focal behavior-brain relationship rather than as mediators. Three additional nuisance
variables related to sample characteristics and data collection procedures (i.e., race, MIDUS cohort, and the time lag
between the core survey and the MRI scan) were tested and found to have negligible effects on model estimates
(S15-SI8).

Structural MRI acquisition and pre-processing

High-resolution T1-weighted anatomical images (1 mm?® isotropic) were acquired using a 3 T scanner (MR750, GE
Healthcare, Waukesha, WI) with repetition time = 8.2 milliseconds (ms), echo time = 3.2 ms, flip angle = 120,
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Table 1 Descriptive

statistics of the key Variable Mean SD Min Max

variables. Age 55.91 13.41 27 95
Predicted Brain Age 51.67 12.97 22.03 79.59
BrainAGE -4.24 7.23 -21.04 21.37
Support provision 69.73 71.09 0 311
Total # of chronic conditions 3.15 2.51 0 13
Body Mass Index 28.87 5.39 18.29 43.6
Smoking (Year) 7.27 12.37 0 45
Drinking (Year) 7.08 10.43 0 60
Exercise frequency (Weekly) 5.01 4.78 0 22
Cognitive activities 17.73 8.17 0 31
Depression 8.09 7.06 0 36
Social network index 16.9 12.0 3 66
Education level 7.84 241 3 12
Pre-tax annual income 58,625 57,127 0 300,000
Relationship quality 40.04 7.01 14 49
Perceived stress 19.68 4.57 10 37
Support received 36.07 49.11 0 272

matrix = 256 x 256, field of view = 256 mm, slices = 160, slice thickness = 1 mm, and inversion time = 450 ms.
Raw T1-weighted images were segmented using SPM12 (University College London, London, UK) and normalized
to MNI152 space using Diffeomorphic Anatomical Registration through Exponentiated Line Algebra (DARTEL)
[55].

Brain age estimation

Brain age was computed using BrainageR v2.0 [56] (https://github.com/james-cole/brainageR/releases/tag/2.0),
which predicts chronological age from structural MRI by projecting tissue-segmented gray and white matter maps
into a principal component space. The algorithm uses a Gaussian Process Regression (GPR) model trained on a
sample of 3,337 healthy individuals (mean age = 36.9 + 18.1) and validated on independent datasets [57]. GPR has
been shown to yield predictive accuracy (mean absolute error, MAE = 4.67) comparable to that of more complex
deep learning-based algorithms (e.g., Convolutional Neural Networks, MAE = 4.66) [58], while mitigating the risk of
overfitting and estimation biases due to the quality of input data [59, 60]. Such generalization capacity is crucial for
analyzing multiple MIDUS datasets. A similar GPR-based approach was previously used to investigate the link
between caregiving and brain age [33].

Brain age estimation gap calculation

BrainAGE was calculated for each subject as the difference between the algorithm-predicted brain age and the
subject’s chronological age at the time of the MRI scan. Negative values indicate younger-appearing brains for a
given age, and thus healthier neurobiological aging profiles [29]. Raw BrainAGE estimates tend to retain a residual
dependence on chronological age (i.e., systematic overprediction in younger and underprediction in older indivi-
duals). This “regression-to-the-mean” pattern is thought to be a statistical artifact not attributable to biological or
demographic characteristics of the training data, study samples, and is observed generally across BrainAGE algo-
rithms [61]. We included chronological age as a covariate in all models to account for this bias in downstream
analyses, following recommendations in the literature [62, 63] and by the developer of the algorithm used for the
current study (SI5-2). We also report results from age-residualized gap scores (BrainAGER) as an alternative
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Table 2 Hierarchical

. . Model # Predictors
Multiple Regression Model
Structure. Model 1: Baseline Model age at MRI scan, sex, support provision
Model 2: Health/Lifestyle Model 1 4+ BMI, chronic conditions, years of drinking, years of smoking, exercise
covariates frequency, cognitive activities, depressive symptoms
Model 3: Psychosocial Model 2 + socioeconomic status (SES)?, perceived relationship quality, social
covariates network®, perceived stress, and support received

*Annual income and education level were standardized and averaged into a SES score (See SI4 for analyses
examining income and education separately).

"The total number of children, friends, and relatives, marriage/cohabitation status, and connections to the religious
community were combined into a Social Network Index (See SI5-1, 2).

outcome [64] (SI19). The distributions of estimated and chronological age are shown in SI10. Descriptive statistics
for social support provision, all covariates, and predicted brain age are summarized in Table 1.

Statistical analysis

All analyses were conducted in IBM SPSS (version 29) and R (version 4.5.0) with « =0.05 (Two-tailed). We
employed hierarchical multiple regression to assess whether the composite index of support provision explains
variance in brain age and whether this association is robust to the inclusion of progressively more comprehensive
control variables. Predictors were entered into models in three sequential blocks (Table 2). For the fully adjusted
model, we computed 95% bias-corrected accelerated (BCa) bootstrap confidence intervals (ClIs) with 10,000 itera-
tions to assess robustness (“boot” package in R) [65]. BCa accounts for both bias and skewness in the bootstrap
distribution, yielding more reliable CIs when the sample size is moderate [66].

We conducted two exploratory analyses. First, we tested whether unpaid instrumental assistance and emotional
support provision were differentially associated with BrainAGE. Our approach was motivated by prior evidence that
instrumental and emotional support are dissociable domains of social support [67] and may affect helpers’ health and
mortality differently [68, 69]. We decomposed the total support provision into unpaid instrumental assistance and
emotional support given to others, and support received into parallel indices for each support type. These new
measures of providing or receiving instrumental and emotional support were moderately to strongly correlated
(p =0.29-0.78, all Ps<0.001). Including both in a single model increased multicollinearity. Accordingly, we report
and interpret only the results from these domain-specific models separately. Second, to assess potential estimation
biases imposed by complex, theory-driven covariate structures, we conducted data-driven variable selection using
bootstrapped elastic net regression, which applies regularization penalties that automatically eliminate weak or
redundant predictors [70]. Multiple comparisons were not corrected for the exploratory analyses. This study was not
preregistered.

Results

All three hierarchical models significantly predicted BrainAGE, and the fully adjusted model (Model 3) accounted for
approximately 25% of total variance (SI11). Regression diagnostics indicated no violations of model assumptions, no
influential cases, and no problematic multicollinearity (SI12).

Social support provision consistently emerged as a significant predictor of BrainAGE (Table 3). In Model 1,
greater support provision was associated with a younger BrainAGE (f =-0.139, p =0.044). This association per-
sisted and increased in magnitude in Model 2 (f =-0.194, p = 0.005) and Model 3 (f =-0.198, p = 0.023; Fig. 1).
For context, individuals providing high levels of social support (+ 1SD; approximately 71 hours/month) had
BrainAGE values 1.4 years lower than those providing average levels of support. In terms of unique variance
explained, support provision accounted for approximately 2.2% of the variance in BrainAGE in the fully adjusted
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Table 3 Coefficients of

Hierarchical Regression Model Variable B SE 4 ! o P
Models. Model 1 (Constant) 4.209 2.605 1.616 0.108
Sex 1.222 0.988 0.084 1.238 0.084 0.217
Age at MRI Scan®#* —-0.185 0.037 -0.342 -5.036 -0.341 <0.001
Support Provision** -1.004 0.496 -0.139 -2.024 -0.137 0.044
Model 2 (Constant) 9.302 3.811 2.44 0.016
Sex 1.385 0.985 0.096 1.406 0.092 0.161
Age at MRI Scan®*** -0.214 0.043 —0.397 —4.928 —0.322 <0.001
Support Provision** —1.403 0.494 —0.194 —2.839 —0.185 0.005
Body Mass Index —0.151 0.094 —0.112 —1.61 —0.105 0.109
Years of Smoking* 0.114 0.041 0.194 2.76 0.180 0.006
# of Chronic Conditions 0.386 0.225 0.134 1.719 0.112 0.087
Years of Drinking —0.056 0.048 —0.081 —1.175 —0.077 0.242
Exercise Frequency —-0.074 0.106 —0.049 —0.699 —0.046 0.485
Cognitive Activities —0.071 0.061 —0.08 —1.163 —0.076 0.246
Depression 0.077 0.074 0.076 1.045 0.068 0.297
Model 3 (Constant) 15.851 5.901 2.686 0.008
Sex 0.894 1.033 0.062 0.865 0.056 0.388
Age at MRI Scan*** —0.238 0.046 —0.44 —5.161 —0.335 <0.001
Support Provision* —1.435 0.627 —0.198 —2.289 —0.148 0.023
Body Mass Index —0.168 0.095 —0.125 —1.775 —0.115 0.087
Years of Smoking* 0.096 0.042 0.164 2.304 0.149 0.022
# of Chronic Conditions 0.421 0.230 0.146 1.827 0.118 0.069
Years of Drinking —0.066 0.048 —0.095 —1.37 —0.089 0.172
Exercise Frequency —0.059 0.106 —0.039 —0.557 —0.036 0.578
Cognitive Activities —0.068 0.062 —0.076 —1.09 —0.071 0.277
Depression 0.066 0.081 0.064 0.807 0.052 0.421
Social Network Size —0.187 0.298 —0.042 —0.628 —0.041 0.531
Perceived Stress —0.151 0.117 —0.095 —1.284 —0.083 0.201
Relationship Quality —0.023 0.078 —0.022 —0.298 —0.019 0.766
SES#* -1.372 0.600 —0.161 —2.285 —0.148 0.023
Support Received* —0.238 0.624 —0.033 —0.381 —0.025 0.704

N = 194; Dependent variable = BrainAGE; Model 1 R2:0.131, Model 2 R2:0.221, Model 3 R2:0.251;
*p <0.05, #p<0.01, ¥**p <0.001. sr = semi-partial correlation.

model (sr = —0.148; Table 3). Bootstrapping confirmed the stability of this effect, with CIs for global support
provision not crossing zero (BCa 95% CI = -2.68 to —0.03) (SI13). Besides social support provision, years of
smoking (#=0.164, p =0.022) and SES (f# =-0.161, p =0.023) remained significant after full model adjustment,
with education levels driving the observed SES effect (SI4). Chronological age was also negatively associated with
BrainAGE (SI14), following the well-documented regression-to-the-mean bias in brain age prediction [61]. A sen-
sitivity analysis using the age-residualized scores (BrainAGER) as the outcome yielded results that substantively
converged with those of the original model (SI9). Zero-order correlations and age-corrected partial correlations
among focal variables are reported in SI15.

MIDUS includes several commonly used proxies for prosocial engagement (e.g., caregiving status, grand-
parenthood, and the number of living children) and discretionary time available for support provision (e.g., retirement
status) [11, 32, 71, 72]. In direct comparison, monthly hours spent providing support explained significant incre-
mental variance in BrainAGE beyond each proxy, whereas none of the proxies remained significant (SI16-SI119) nor
added significant variance once support-provision hours were accounted for (SI20).
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Fig. 1 Partial regression plot of the association between social support provision and BrainAGE (A), and standardized coefficient
estimates with 95% confidence intervals for all predictors (B). Standardized coefficients (f) are plotted to enable comparison of
effect sizes. Support provision was associated with a younger estimated brain age relative to chronological age after adjusting for
all covariates in Model 3. Unstandardized coefficients and 95% ClIs are visualized in SI23.
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Our exploratory analyses revealed differential associations between BrainAGE and the provision of unpaid
assistance and emotional support. In Model 3, total monthly hours of emotional support provision were significantly
associated with lower BrainAGE (f =-0.26, p = 0.007). In contrast, providing unpaid assistance did not show an
effect (f =-0.09, p = 0.167). Bootstrapping yielded convergent results (SI21). Social support provision also emerged
as a reliably selected predictor in the data-driven variable selection analysis, suggesting that the association is robust
to model specification (SI122).

Discussion

Can helping be neuroprotective? Although prior evidence suggests that prosocial engagement may confer neuro-
biological benefits [30, 33], empirical support for this association has been limited. Our results and analytical strategy
demonstrate this hypothesized relationship with greater rigor. By modeling actual hours of social support provision,
we captured granularity in prosocial behaviors that explained unique incremental variance in BrainAGE beyond
commonly used role-based proxies [32, 33, 73]. Comprehensive covariate control and bootstrapping further
strengthen the robustness of our observation. While several covariates predicted BrainAGE in isolation, replicating
previously reported patterns [33, 34], most associations attenuated in the fully adjusted model except for smoking and
SES. By contrast, the association with support provision emerged consistently and increased in magnitude, sug-
gesting that prosocial engagement may operate as a distinct behavioral pathway to healthier brain aging.

The unique and robust association between social support provision and BrainAGE raises an important question:
through which psychological and neurobiological pathways might prosocial behaviors confer resilience to the aging
brain? While there is no consensus on the mechanism, prior work on the psychological and physiological effects of
prosocial behavior offers insights. Helping often elicits hedonic and eudaimonic well-being [16, 74], which can
dampen physiological arousal in response to acute stressors [75, 76] and buffer against chronic adversity [77-79].
This may disrupt stress-related pathways that affect brain structures and functions [80-83]. Affiliative social inter-
actions also release endogenous oxytocin [84], which exerts anxiolytic effects by dampening amygdala activity [85].
Oxytocin can also suppress pro-inflammatory cascades and oxidative damage, preventing cellular aging in the brain
[86—89]. These interconnected biopsychosocial processes may contribute to the downstream health effects of pro-
social engagement [83, 90].

Elucidating these intermediate pathways may help clarify whether different forms of helping are equally associated
with BrainAGE. We found that giving emotional support to others was more strongly associated with lower Brai-
nAGE than giving unpaid assistance. This asymmetry may reflect the distinct psychological and behavioral demands
of each support type. Emotional support in close relationships often involves empathic responding [91], which fosters
bonding [92], a sense of purpose [93], and self-worth [94]. By contrast, instrumental assistance may be routinized and
lack the same degree of dyadic attunement linked to well-being [95]. Prior work indeed suggests that the psycho-
logical benefits of instrumental aid for providers emerge only when emotional engagement is present [68]. We
caution against a strict dichotomy, however, as different types of helping can co-occur and may influence health in
mutually non-exclusive ways: instrumental assistance through physical and cognitive activities [96] and emotional
support through affective processes [4, 97]. Moreover, the effect of support provision on health may be context
dependent. For instance, emotional support sustained in a high-stress environment can lead to empathic distress [98],
curtailing the neuroprotective potential observed in our data.

Due to the modest sample size, we are unable to test these mechanisms and their interactions directly in the current
study. The psychological benefits of prosocial behavior tend to be modest and heterogeneous [16]. A similar pattern
holds for peripheral indices of stress and inflammation, whose associations with prosocial behavior and BrainAGE
are likewise modest and often contingent on moderators, even in large cohorts [99, 100]. While such markers (e.g.,
IL-6 and C-reactive protein) are available in MIDUS, the small effect sizes, together with limited data availability in
our imaging subcohort, constrain our ability to adequately test these potential indirect pathways. Embedding Brai-
nAGE measurement in community volunteering programs for older adults [101], care-facility trials [102], or prosocial
interventions [103] may allow us to examine whether and through which mechanisms the provision of social support,

&\ Springer Translational Psychiatry



https://doi.org/10.1038/541398-026-04459-8 Article in Press

especially emotional support, influences brain aging trajectories and related health outcomes. Importantly, although
the unique variance in BrainAGE attributable to support provision was modest, it was comparable in magnitude to
that of SES, a widely recognized structural determinant of health [104]. If our findings are substantiated, support
provision could emerge as a modifiable behavioral target for healthy brain aging. Unlike pharmacological or lifestyle
interventions, which often require significant resources or clinical infrastructure, prosociality can be cultivated
through everyday activities and community programs [16, 105]. Such approaches may offer an actionable and cost-
effective strategy for supporting brain health at scale, an urgent priority in aging societies [106].

Limitations and future directions

The current study has several limitations that warrant future inquiry. First, our observational design precludes causal
inference. Although behavioral assessment temporally preceded MRI acquisition, we cannot rule out reverse caus-
ality, in which individuals with greater neurobiological reserve are better able to sustain support provision. Larger
longitudinal studies that track changes in both prosocial behaviors and BrainAGE will be necessary to test this
possibility, including the possibility of a positive feedback loop between prosociality and neuroprotection [107].

Such replication is also necessary to resolve selection bias in our current sample. 76% of our participants were
white. We also included only those who completed multi-year, multimodal data collection, which limits the gen-
eralizability. Our sample-selection analyses showed that individuals who entered the Neuroscience Project were
younger and reported a lower health burden than eligible participants who did not participate in the Neuroscience
Project. Those retained in the final BrainAGE analysis were again younger than Neuroscience Project participants
excluded due to missing or incomplete data. This pattern of age- and health-related selection is consistent with prior
MIDUS reports of patterned longitudinal retention and suggests that our findings may best characterize support
provision among relatively young and healthy adults [108]. Individuals under intense caregiving burdens or high
levels of chronic stress, groups who may show accelerated biological aging [109, 110], were likely underrepresented
in our sample.

Second, our assessment of prosociality has specific boundary conditions. We used retrospective self-reports of time
spent supporting close others. While focusing on objective dimensions of helping reduces desirability bias [16], it
may still be susceptible to recall bias (e.g., overemphasizing more tangible instrumental support) and fails to capture
prosocial behaviors not reflected in hours (e.g., charitable giving).

Finally, the predictive validity of the BrainAGE framework has been supported in some contexts but questioned in
others [62]. Its associations with clinical outcomes appear to vary with the population studied, the health variables
being predicted [111], the quality of the input data, and the algorithms used [112]. This underscores the need for
cross-population validation and benchmarking before full clinical translation (See: [113]). Relatedly, because Brai-
nAGE is a global summary metric derived from a high-dimensional combination of structural features [29], it may not
map onto specific conventional metrics such as regional gray matter volume across functionally dissociable neural
systems. More fine-grained, region-specific approaches (e.g., Regional BrainAGE) [114], along with further exam-
ination of which neural features drive estimation, will be needed to enhance the interpretability and clinical utility of
BrainAGE.

Conclusion

Taken together, we present evidence that higher levels of prosocial behavior are prospectively associated with a
younger-looking brain at a given chronological age. These associations appear distinct from other established
predictors of aging and may be more closely tied to the emotional dimensions of helping. Although longitudinal and
mechanistic studies are needed to clarify causal pathways, our findings lay a foundation for more precise models of
how prosociality may protect against the neural deterioration underlying age-related physical and mental health
decline, as well as for designing intervention trials to promote healthy brain aging at scale.
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