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A B S T R A C T

Purpose: Biological aging differences are linked to sociodemographic characteristics, but how intersecting social 
dimensions shape these differences remains unclear. Integrating aging biology and intersectionality theory, we 
examined the joint influence of multiple social determinants on phenotypic age acceleration (biological vs. 
chronological age).
Methods: Using data from 173,925 participants in the German NAKO study, we calculated phenotypic age ac
celeration based on blood-based biomarkers and created 72 intersectional social strata based on sociodemo
graphic factors. We assessed differences across strata using intersectional Multilevel Analysis of Individual 
Heterogeneity and Discriminatory Accuracy (I-MAIHDA).
Results: All intersectional strata displayed phenotypic age deceleration (biologically younger than chronological 
age). The advantage was smallest among men without migration background, living alone and with low so
cioeconomic status. Substantial discriminatory accuracy (7.13%) revealed intersectional inequalities, predomi
nantly driven by additive effects. Modest interaction effects indicated increased risk for individuals with 
migration background not living alone and medium/high socioeconomic status and those without migration 
background living alone with medium/low socioeconomic status.
Conclusions: Our findings suggest that intersectional strata shape biological aging beyond chronological age, 
potentially through cumulative physiological effects of chronic psychosocial stress. Future epidemiological 
research should explore the mechanisms linking intersecting social dimensions and biological aging, designing 
intersectionally-informed targeted interventions.

Introduction

Normal aging is a universal process involving biological, 

psychological and social changes that unfold gradually over time [1]. 
However, aging is far from uniform, as individuals may face age-related 
consequences at different rates due to variations in biological processes 
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and social exposures [2,3]. Chronological age, while a critical risk factor 
for aging-related morbidity and mortality, fails to capture heterogeneity 
in biological aging. Individuals of the same chronological age can differ 
substantially in age-related diseases and overall health [4,5], shaped by 
social and environmental factors [6,7]. Adverse exposures, health be
haviours and life-course events can drive biological changes that 
accelerate aging processes, suggesting the need for a holistic bio
psychosocial approach that identifies which psycho-social factors shape 
biological aging [8,9].

Biological aging refers to progressive deterioration of health and 
increasing mortality that occurs with advancing age [10,11]. Biological 
age is a strong predictor of future health and survival, reflecting the 
body's capacity to respond to internal and external stressors. Since it 
varies widely among individuals, several models have been developed to 
estimate biological age. Epigenetic clocks based on DNA methylation 
(DNAm) are robust predictors [12], but their requirement of large-scale 
molecular data limits their feasibility for widespread clinical practice. In 
contrast, serum biomarker-based models such as Biological Age (Bio
Age) [4] and Phenotypic Age (PhenoAge) [13] offer accessible and 
efficient alternatives. These well-validated clocks rely on routinely 
collected clinical biomarkers, enabling cost-effective estimation without 
additional data collection or complex analyses. Since they include life
style factors, these models are strongly associated with aging-related 
morbidity and mortality, making them valuable tools for studying bio
logical age and its divergence from chronological age—often referred to 
as biological age acceleration [14–16].

A growing body of research underscores the impact of social de
terminants on biological aging, with stratified associations across soci
odemographic factors such as sex/gender, race/ethnicity and 
socioeconomic status (SES) [17–20]. Emerging from critical Black 
feminist scholarship, intersectionality theory conceptualizes how inter
locking systems of power and oppression (e.g., sexism, racism, classism) 
shape lived experiences across social identities [21]. It provides a 
valuable lens to understand how overlapping social determinants are 
mutually constituted and jointly shape aging processes and health out
comes through structural discrimination and power imbalances [21,22]. 
These intersecting (dis)advantages may lead to numerous risk factors 
among marginalized groups, such as increased allostatic load resulting 
from chronic psychosocial stress exposures [23,24]. From a bio
psychosocial perspective, intersecting social disadvantages may become 
biologically embedded through cumulative physiological dysregulation 
related to chronic psychosocial stress and discrimination exposure [23, 
24]. Resulting biological imprints can intensify over time, contributing 
to unequal aging trajectories [25]. Despite its relevance, intersection
ality remains overlooked in the study of biological aging and its social 
stratification [26].

Although biological age measures consistently show socioeconomic 
and racial/ethnic gradients indicative of accelerated aging [17], most 
research focused on single social determinants. This fragmented 
approach fails to capture the "double cumulative disadvantage" across 
intersectional social identities and life-course processes. Multilevel 
Analysis of Individual Heterogeneity and Discriminatory Accuracy 
(MAIHDA) is a theory-neutral multilevel framework developed to 
decompose group-level variance beyond average differences [27,28]. 
Initially applied to geographical and institutional contexts [29,30], 
MAIHDA has been extended to intersectional analyses in epidemiology 
(I-MAIHDA) [31,32]. By clustering individuals within intersectional 
social strata defined by combinations of social characteristics, 
I-MAIHDA allows efficient partitioning of outcome variance with better 
scalability and parsimony [32]. Therefore, avoiding the “tyranny of the 
averages” (i.e., attribution of the same average value to all members of a 
certain stratum) [33]. I-MAIHDA reduces the risk of reinforcing ste
reotypes or stigmatizing certain strata [34,35], and its methodological 
flexibility offers a promising approach for investigating whether inter
secting social inequalities are linked to distinct biological aging out
comes. Despite being welcomed as the new gold standard for social 

epidemiology [28,36], I-MAIHDA has not yet been applied to study 
differences in biological age acceleration.

The present study investigates differences in phenotypic age accel
eration across intersectional social strata. Additionally, we aim to 
identify strata where intersectional interactions are associated with 
accelerated biological aging. As a secondary analysis, we examine an 
alternative operationalization of PhenoAge to explicitly assess the 
contribution of chronological age to biological age acceleration and its 
intersectional patterning.

Materials and methods

Data and sample

The German National Cohort (NAKO) is a prospective population- 
based cohort study comprising over 204,000 participants randomly 
sampled from local population registries and recruited through 18 study 
sites across 13 German states (Table S1) [37]. Eligible individuals were 
aged 20–69 years, provided written informed consent and were suffi
ciently healthy to participate in on-site assessments. Participants aged 
> 40 years were oversampled, and baseline data collection took place 
between 2014 and 2019. While not all German states had study sites, a 
population-based recruiting strategy was designed to capture diversity 
across regions. Further details on the sampling frame, geographic 
coverage and representativeness of the data are published elsewhere 
[38]. The study received ethics approval from all centres and was con
ducted in accordance with the ethical standards from the Declaration of 
Helsinki. After excluding participants with missing data in any of the 
strata-defining variables (sex/gender, migration background, education, 
living alone, or income, see Table S1) and those with insufficient blood 
biomarkers for imputing PhenoAgeAccel (< four out of nine bio
markers), our final sample included 173,925 participants. Given the 
importance of chronological age, all analyses were conducted across the 
full adult age range to capture cumulative life-course processes and 
avoid loss of statistical power across intersectional strata.

Outcome variables

Based on Morgan Levine’s algorithm [13], for our primary analysis 
we calculated PhenoAge with nine biomarkers (albumin, creatinine, 
glucose, natural log-transformed C-reactive protein (CRP), lymphocyte 
percent, mean cell volume, red blood cell distribution width, alkaline 
phosphatase and white blood cell count) and the chronological age. 
Since not all individuals had the nine biomarkers (missing percentages 
in Table S1), we carried out multiple imputations of missing values. We 
used 58 out of the 61 available NAKO blood biomarkers as auxiliary 
variables in the imputation, since the fully conditional approach de
mands the maximum available number of lab biomarkers [39]. After 
imputation, we calculated PhenoAge [13] with the following formula: 

PhenoAge = 141.502+

ln
{

− 0.00553⋅ (− 1.51714)⋅exp(xb)
0.0076927

}

0.090165 

where xb = − 19.907 − 0.0336 × Albumin + 0.0095 × Creatinine 
+ 0.1953 × Glucose + 0.0954 × ln (CRP) − 0.0120 × Lymphocyte 
percent + 0.0268 × Mean cell volume + 0.3306 × Red blood cell dis
tribution width + 0.00188 × Alkaline phosphatase + 0.0554 × White 
blood cell count + 0.0804 × Chronological age.

Finally, we calculated PhenoAgeAccel as the residuals from 
regressing PhenoAge on chronological age. Positive values imply 
accelerated aging, whereas negative values reflect decelerated aging. 
Although including chronological age in both the algorithm and resi
dualization may compromise interpretability, this is standard practice 
within the literature to isolate deviations from expected biological 
aging. In the primary analysis, we applied Levine’s operationalization to 
preserve the intended interpretation of PhenoAgeAccel and its original 
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calibration including chronological age as a risk component. We 
acknowledge this formulation entails a degree of conceptual ambiguity; 
nevertheless, we retain it as a pragmatically accepted approach to 
ensure comparability with existing studies. In a secondary analysis, we 
calculated PhenoAge based on biomarkers only without chronological 
age and then regressed it on chronological age to obtain PhenoA
geAccel_clean (Supplementary Table S4, Table S5, Figure S4, Figure S5). 
Although formal normality tests (Shapiro-Wilk) were statistically sig
nificant given the large sample, visual inspection of the Q-Q plots 
(Figures S2 and S3) indicated approximate normality, suggesting that 
the outcome meets the assumptions for multilevel modelling.

Explanatory variables

We used four socio-demographic variables to create intersectional 
strata, based on social determinants that potentially stratify health 
outcomes [40]. Sex/gender was categorized as female/male. Migration 
background was self-reported and classified as yes/no based on partici
pants’ and their parents’ nationality and country of birth, without dis
tinguishing reason of migration. Living alone was measured via the 
number of household inhabitants and coded as yes/no. Education level 
was self-reported and coded as low (primary school), medium (sec
ondary school), or high (university or higher education). Household in
come was captured by the question “What is the average monthly income 
in your household?” and was coded as low (<€2150/month), medium 
(€2150–€4250/month), or high (>€4250/month), according to < 80%, 
80%-100% or > 120% of the median net equivalent income suggested 
by the German Federal Statistical Office [41]. We created 72 unique 
intersectional strata through all possible combinations of sex/gender (2 
categories), migration background (2 categories), living alone (2 cate
gories), education (3 categories) and income (3 categories) 
(2x2x2x3x3 =72) [32].

Statistical analysis

We performed an I-MAIHDA for PhenoAgeAccel with respondents 
(level 1) nested within intersectional social strata (level 2) defined by 
individual characteristics [28]. I-MAIHDA involves fitting two sequen
tial multilevel models: first, an unadjusted null model (Model 1) with a 
random effect for the intersectional strata, which allows to decompose 
the variance and calculate the discriminatory accuracy through the 
Variance Partition Coefficient (VPC) [32]. The VPC is a measurement of 
General Contextual Effect (GCE) that estimates the between-strata 
variance in PhenoAgeAccel compared to the total variance (including 
between-individuals). Although it can measure discriminatory accuracy 
(DA), this is only acceptable under the assumption of similarly sized 
strata. For continuous outcomes as PhenoAgeAccel, we use the explor
atory approach of visualizing the outcome distribution across strata 
using ridge plots (Figure S1), where less overlap implies higher 
contextual DA. DA could not be directly quantified using area under the 
curve (AUC)-based measures without dichotomizing PhenoAgeAccel, 
which would be theoretically and empirically inappropriate for a 
continuous biological aging outcome. Second, we fitted a model adding 
the stratum-defining variables as main fixed effects (Model 2). We 
recalculated the VPC and, to quantify the between-strata variance 
attributable to the additive main effects, we calculated the proportional 
change in variance (PCV). A PCV of 100% indicates full variance 
explanation by additive effects, while values < 100% imply unexplained 
variance attributable to intersectional interaction effects [31]. Finally, 
we examined strata-level residuals and their 95% credible intervals (CI) 
to partition the variance into additive and interaction effects, the latter 
capturing the unique contribution of intersectional interactions. Strata 
with two-sided 95% CI not including 0 would have statistically signifi
cant interaction effects, either hazardous (>0, higher PhenoAgeAccel 
than expected from main effects only) or protective (<0, lower Phe
noAgeAccel than expected from main effects only). Further 

methodological details about I-MAIHDA are provided in a recent tutorial 
[32]. We determined statistical significance with a two-tailed p-value 
< 0.05 for regression coefficients. Analyses were conducted in R 
(version 4.4.2) [42], with descriptive statistics calculated with the 
“CompareGroups” package. Bayesian regression models were fitted 
using Markov Chain Monte Carlo (MCMC) with the “brms” package 
(version 2.22), and stratum-level estimates are given with 95% CI.

Results

Table 1 shows the characteristics of the sample, which was balanced 
regarding sex/gender. Most respondents did not have a migration 
background (83.9%) or did not live alone (80.3%). The majority of the 
sample (44.8%) had a medium income (2150€ - 4250€) and medium 
(41.9%) or high (55.5%) education level. Overall, women had lower 
income levels than men. The average blood biomarker levels were 
similar across sex/gender. The average PhenoAge and PhenoAgeAccel 
were 44.1 years and − 6.1 years respectively, entailing a younger bio
logical age compared to the chronological age. This phenomenon was 
even more pronounced among women (-6.9 years compared to − 5.4 
years for men). The overall negative PhenoAgeAccel reflects specific 
calibration effects of the NHANES cohort [13], compared to the rela
tively healthy NAKO sample. Additionally, this shows that PhenoAge 
was calibrated to capture deviations in mortality risk and health span 
rather than accurately predict chronological age. In fact, biological age 
measures with high age-prediction accuracy often fail to detect signifi
cant age accelerations, whereas risk-oriented algorithms such as Phe
noAge work better for health-related deviations [43]. Most of the 72 
strata had sufficient sample size for analysis (Table S2 and Table S3) 
[44], with 59 strata (81.9%) having N > 50 and 40 strata (55.6%) 
having N > 500. However, a few strata had N < 50 (18.0%).

Figure 1 shows the predicted PhenoAgeAccel for each intersectional 
stratum from I-MAIHDA Model 1. One stratum — women with a 
migration background, living alone, low education and high income — 
had no observations. While all 71 non-empty strata displayed negative 
PhenoAgeAccel, substantial between-strata heterogeneity was observed. 
The lowest deceleration (PhenoAgeAccel = − 2.43) occurred in men 
without a migration background, living alone, with low education and 
low income, while the highest (PhenoAgeAccel = − 7.19) occurred in 
women without a migration background, not living alone, with high 
education and high income. These findings suggest intersectional in
equalities in PhenoAgeAccel across strata (maximum difference = 4.76 
years). Table 2 presents results from I-MAIHDA models, including the 
average effects of strata-defining variables and between-strata variance 
measures. The VPC in Model 1 indicated that 7.13% of the PhenoA
geAccel variance was explained at the strata level. This represents 
substantial clustering [31], aligned with the heterogeneity in Figure 1. 
Adding strata-defining variables as fixed effects (Model 2) reduced the 
VPC to 0.21%. A PCV of 97.29% indicated that most between-strata 
PhenoAgeAccel differences were due to additive effects, with only 
2.71% explained by intersectional interaction effects.

In the secondary analysis without chronological age in the algorithm, 
the average PhenoAgeAccel_clean was closer to zero (-5.40 years), while 
the maximum difference across strata was 10.13 years (highest − 11.16; 
lowest 0.14) (Figure S4). Between-strata variance was slightly reduced 
in Model 1 (VPC = 5.71%) compared to the primary analysis (Table S4). 
However, a larger proportion of unexplained variance remained after 
adding the fixed effects in Model 2 (VPC = 2.1%), resulting in a sub
stantially lower PCV of 64.7%. A greater number of strata exhibited 
statistically significant intersectional interaction effects (Table S5, 
Figure S5), indicating the importance of chronological age.

Figure 2 presents the strata-level residuals from I-MAIHDA Model 2, 
with most residuals including 0 in their CIs. Only five residuals were 
significantly different from 0, implying interaction effects (Table 3): four 
strata had hazardous intersectional interactions (positive residuals 
indicating higher PhenoAgeAccel than expected from the main effects), 
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while one stratum had protective intersectional interactions (negative 
residual indicating lower than expected PhenoAgeAccel). Hazardous 
interaction effects were observed in four strata: (1) women without a 
migration background, living alone, with low education and low in
come; (2) men with a migration background, not living alone, with high 
education and medium income; (3) men without a migration back
ground, not living alone, with medium education and low income; and 
(4) women with a migration background, not living alone, with high 
education and medium income. The only stratum with protective 
interaction effects was comprised by men without a migration back
ground, living alone, with high education and medium income.

Discussion

In the current study we used data from 173,925 participants in NAKO 
to apply the I-MAIHDA framework and explore intersectional differ
ences in biological aging, quantified through PhenoAgeAccel. We found 
substantial between-strata inequalities in accelerated biological aging, 
with a maximum difference of 4.76 years in PhenoAgeAccel. The ma
jority of between-strata variance was due to additive effects, indicating 
that individual factors like sex/gender, migration background, living 
alone, education and income independently contributed to differences 
in biological aging acceleration. However, the presence of interaction 
effects for certain strata (e.g., women living alone with low education 
and low income, or men not living alone with medium-high education 
and medium-low income) suggests that specific combinations of social 
determinants amplify or mitigate the risk of accelerated aging. Our 
findings underscore the role of cumulative and intersecting social dis
advantages in shaping biopsychosocial pathways associated with dif
ferences in the aging process.

Our secondary analysis provides important insights into the role of 
chronological age in biological age acceleration. Recalculating Pheno
Age without chronological age showed that a substantial part of the 
PhenoAgeAccel variance reflects the age-related calibration from the 
original algorithm. This is consistent with its design as a risk-oriented 
measure for disease and mortality prediction rather than precise age 
estimation. The persistence of similar (yet attenuated) overall intersec
tional patterns, and more strata with interaction effects, indicate that 

social stratification in biological aging is not driven by including chro
nological age. Instead, chronological age absorbs part of the non- 
additive intersectional heterogeneity, suggesting that intersecting so
cial positions shape biological aging trajectories beyond chronological 
age alone.

Our findings align with previous research showing socioeconomic 
and race/ethnicity gradients in biological aging [13,17,45], with an 
average higher PhenoAgeAccel among individuals with low education, 
low/medium income and a migration background. However, most 
studies relied on single-axis frameworks that fail to capture the cumu
lative and interacting effects of multiple social determinants. By 
employing MAIHDA with an intersectional lens, we extend this litera
ture and identify strata-specific interaction effects, such as increased age 
acceleration among women without a migration background, living 
alone, with low education and low income, or men not living alone and 
with higher education and lower income. These intersectional positions 
often entail financial pressures, limited access to care resources and 
adverse health behaviours, which collectively disrupt physiological 
processes and accelerate the aging process [46,47]. This underscores 
how privilege and structural disadvantage intersect to amplify aging 
disparities, a nuance often missed in traditional approaches [48].

Accelerated biological aging likely reflects a combination of physi
ological and psychosocial processes [49]. Chronic stress arising from 
structural inequalities and discrimination is a plausible pathway linking 
social disadvantage to accelerated biological aging through mechanisms 
such as inflammation, dysregulated allostasis and cellular damage 
[50–52]. We found the highest PhenoAgeAccel among individuals in 
multiply disadvantaged positions (e.g., women without a migration 
background, living alone, with low education and low income). These 
subgroups may face greater social-environmental challenges alongside 
fewer psychosocial resources, potentially contributing to prolonged 
stress exposure and reduced coping capacities [53]. Conversely, lower 
PhenoAgeAccel observed in more advantaged strata (men without a 
migration background, living alone, with high-education and 
medium-income) could reflect protective factors associated with social 
privilege, including access to healthcare, healthier lifestyles and stron
ger social support [54].

The social hallmarks of aging are deeply intertwined with 

Table 1 
Descriptive statistics of the study sample, by sex.

Variable Total (N = 173,925) Female (N = 86,647) Male (N = 87,278) p-value N

Age 50.2 (12.3) 50.1 (12.3) 50.4 (12.3) < 0.001 173,925
Migration background ​ ​ ​ 0.385 173,925
Yes 27,999(16.1%) 14,016 (16.2%) 13,983 (16.0%) ​ ​
No 145,926 (83.9%) 72,631 (83.8%) 73,295 (84.0%) ​ ​
Living alone ​ ​ ​ < 0.001 173,925
Yes 34,346 (19.7%) 18,368 (21.2%) 15,978 (18.3%) ​ ​
No 139,579 (80.3%) 68,279 (78.8%) 71,300 (81.7%) ​ ​
Education ​ ​ ​ < 0.001 173,925
High 96,529 (55.5%) 43,757 (50.5%) 52,772 (60.4%) ​ ​
Medium 72,875 (41.9%) 40,117 (46.3%) 32,758 (37.6%) ​ ​
Low 4521 (2.6%) 2773 (3.2%) 1748 (2.0%) ​ ​
Income level ​ ​ ​ < 0.001 173,925
> 4250€ 45,905 (26.4%) 19,473 (22.5%) 26,432 (30.3%) ​ ​
2150€ - 4250€ 77,968 (44.8%) 38,794 (44.8%) 39,174 (44.9%) ​ ​
< 2150€ 50,052 (28.8%) 28,380 (32.8%) 21,672 (24.8%) ​ ​
Systolic blood pressure (mm HG) 127 (10.1) 122 (9.2) 131 (9.0) < 0.001 173,633
Albumin (g/l) 42.0 (2.0) 41.0 (4.1) 42.0 (1.2) < 0.001 98,982
Creatinine (µmol/l) 72.0 (9.0) 64.0 (6.3) 80.0 (8.0) < 0.001 166,751
Glucose (mmol/l) 5.20 (0.6) 5.10 (0.4) 5.30 (0.5) < 0.001 164,494
C-reactive protein (mg/l) 1.02 (0.6) 1.10 (0.7) 0.96 (0.4) 0.001 104,557
Lymphocytes (%) 28.8 (4.7) 29.2 (4.9) 28.5 (5.2) 0.001 32,667
Mean erythrocyte volume (fl) 89.7 (2.8) 90.0 (2.7) 89.5 (3.1) 0.001 70,680
Erythrocyte distribution (%) 13.2 (0.8) 13.2 (0.7) 13.2 (0.5) 0.001 41,850
Alkaline phosphatase (µkatal/l) 1.20 (0.2) 1.10 (0.1) 1.20 (0.2) < 0.001 88,907
Leukocytes (Gpt/l) 6.12 (1.2) 6.24 (1.3) 6.02 (1.1) < 0.001 160,982
PhenoAge 44.1 (9.6) 43.9 (9.3) 44.4 (9.7) < 0.001 173,925
PhenoAgeAccel -6.1 (2.6) -6.9 (2.4) -5.4 (2.3) < 0.001 173,925
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individuals' social positions and access to resources [2], shaping bio
logical aging trajectories. Our study incorporates an intersectional 
approach against this background, yet future research should explore 
how intersecting hallmarks affect age-related outcomes. Integrating 
biopsychosocial and intersectional approaches may help improve un
derstanding of aging disparities and inform more targeted public health 
interventions.

Our study has several strengths such as the use of a large, nationally 
representative cohort, the extensive availability of serum biomarkers for 
a large sample and the application of I-MAIHDA to rigorously assess 
intersectional effects. However, findings should be interpreted under 
several limitations. First, the cross-sectional design of the study and 
correlational nature of I-MAIHDA limit causal inferences. Longitudinal 
and interventional studies are needed to establish temporal relationships 
between social stratification and biological aging. Second, while Phe
noAge is a validated measure of biological aging, it does not fully cap
ture all clinical dimensions of the aging processes, such as cognitive 
decline or frailty. Future research should incorporate functioning limi
tations for a more comprehensive view on the social stratification of 
aging. Third, information on migration background was limited, pre
venting differentiation by time since or reasons for migration. Fourth, 
unmeasured factors that may influence both social position (SES) and 
biological aging (early-life conditions, genetic susceptibility) could 
contribute to residual confounding. Additionally, the presence of small 
intersectional strata (N < 50) may affect the precision and stability of 
strata-level estimates, potentially weakening the reliability of residuals 

and interaction effects. Hence, findings for small strata should be 
interpreted cautiously and not generalized beyond the observed sample. 
Finally, relying on self-reported data for SES variables may introduce 
reporting bias. Nonetheless, the NAKO study was rigorously planned and 
carried out with a randomly selected, multi-centre cohort, hence it is 
plausible to assume minimal reporting bias.

Identifying intersectional disparities in biological aging underscores 
the importance of addressing cumulative social inequalities in epide
miologic research and intervention design. Our findings suggest that 
interventions should prioritize improved care and social resource allo
cation in disadvantaged populations to promote psychosocial resilience 
and mitigate accelerated aging. Policies promoting equitable access to 
healthcare, income support programs and anti-discrimination measures 
may mitigate the accelerated aging observed in high-risk strata. Addi
tionally, public health initiatives could incorporate culturally tailored 
stress management and mental health programs to address the unique 
challenges faced by migrant populations.

From a methodological perspective, our study highlights the 
importance of integrating intersectionality into quantitative aging 
research. Using I-MAIHDA allowed us to quantify both additive and 
interaction effects of social determinants, providing a more nuanced 
understanding of health inequalities. Future research should expand 
intersectional analyses to additional social determinants linked to bio
logical aging, such as occupational class, ethnicity or neighbourhood 
deprivation [18,55,56].

Fig. 1. Predicted phenotypic age acceleration (PhenoAgeAccel) for each intersectional stratum, obtained from I-MAIHDA model 1.
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Conclusions

Our study demonstrates the intersectional stratification of biological 
aging, emphasizing the need for a biopsychosocial approach to address 
aging-related health disparities. These findings highlight the urgency of 
addressing social inequalities to mitigate accelerated aging and promote 
health equity across diverse populations. We demonstrate the utility of 
applying an intersectionality-informed framework in epidemiologic 
research, which helps to identify subgroups at higher risk to inform the 
development of tailored population-level actions.
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Fig. 2. Strata-level residuals for each intersectional stratum, obtained from I-MAIHDA model 2. Open circles indicate residuals significantly different from zero.
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