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Cross-national analysis of social determinants of
frailty among middle-aged and older adults: a
machine learning study in the USA, England,
and China
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Frailty has become a growing global health concern and is associated with social determi-

nants of health (SDoH). However, the relative importance and cumulative contribution of

multidomain SDoH to frailty, and whether these relationships differ across countries, require

further investigations. We included participants aged ≥45 years from the USA (N= 5792),

England (N= 3773), and China (N= 5016). SDoH (n= 121 for the USA, n= 125 for England,

and n= 94 for China) were selected across seven domains. Frailty was assessed by the frailty

index (FI). We developed Extreme Gradient Boosting to predict frailty at the 4-year follow-up

and used SHapley Additive exPlanations to quantify variable-wise and domain-wise con-

tributions of SDoH, and to explore nonlinear relationships between SDoH and frailty. Our

models explained 0.242 (95% confidence interval [CI]: 0.203–0.281), 0.258 (95% CI:

0.190–0.324), and 0.172 (95% CI: 0.126–0.215) of the variance in FI among all participants

from the USA, England, and China. Health behaviors and social connections or stressors were

the most important domains in the USA and England, while material circumstances con-

tributed largely in China. We observed several common important SDoH predictors across

countries, such as body mass index and sleep duration, whereas their nonlinear relationship

with frailty showed differences, and other country-specific risk factors were also identified.

Our findings reveal the priorities of SDoH domains for addressing aging disparities and

promoting healthy aging, especially region-specific risk factors for tailored public health

prevention strategies.
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Introduction

Frailty is a syndrome characterized by an age-related func-
tional decline across multiple physiological systems and an
increased vulnerability to stressors, and it has been asso-

ciated with an increased risk of falls, disability, long-term care,
and mortality (Clegg et al. 2013; Hoogendijk et al. 2019). With an
increasingly aging population, frailty places substantial burdens
on individual well-being and healthcare systems (Hoogendijk
et al. 2019). Therefore, identifying determinants of frailty is
essential for developing public health interventions to prevent
and delay this condition, thus ultimately promoting healthy aging
(Hoogendijk et al. 2019).

Frailty is influenced by economic, social, environmental, and
psychological factors across multiple domains (Feng et al. 2017;
Buta et al. 2024; Hoogendijk et al. 2019; Qin et al. 2023), namely,
social determinants of health (SDoH), defined as the conditions
where we live, work, play, and age (World Health Organization,
2010). Several hypotheses have been proposed, including the
fundamental causes theory, the risk environment theory, the
syndemic theory, the ecosocial theory, and life-course approaches,
to understand the relationship between SDoH and late-life health
(Thimm-Kaiser et al. 2023). Bringing these theoretical perspec-
tives together, the SDoH framework of the World Health Orga-
nization (WHO) provides a unifying structure by categorizing the
SDoH into structural and intermediary determinants (World
Health Organization, 2010). This framework emphasizes that
structural determinants defined by income, education, occupa-
tion, social class, gender, and race/ethnicity, operate through a set
of intermediary determinants, including material circumstances,
psychosocial circumstances, behavioral and biological factors, and
health systems, to shape health outcomes.

There have been much efforts to investigate frailty-related
SDoH under this framework, whereas SDoH factors within and
between domains are often studied in isolation from each other
with a priori hypotheses (Feng et al. 2017; Qin et al. 2023;
Puterman et al. 2020). Although several recent studies have
examined the association between various factors and frailty, they
all used traditional linear regression models that assumed no
correlation between independent variables and linear exposure-
outcome associations, which may oversimplify the model (Hoo-
gendijk et al. 2018; X. Chen et al. 2022; Niederstrasser et al. 2019;
Tan et al. 2022; Cao et al. 2022; Jiang et al. 2023). In contrast,
machine learning approaches can capture nonlinear and inter-
action effects in a data-driven way, especially when dealing with
large and high-dimensional datasets. Due to the potential inter-
actions between a series of SDoH factors, machine learning
provides a tool to obtain an understanding of the relative
importance and cumulative contribution of multidomain SDoH
to frailty. Such evidence can inform which SDoH domains can
best be targeted for the interventions to address later-life health
inequalities.

Even though approximately one-fifth of middle-aged and older
populations in the Americas, Europe, and Asia are frail
(O’Caoimh et al. 2021), the effect of SDoH on frailty may vary
due to the disparities in sociocultural and policy contexts in these
regions, especially between Western and Eastern countries (Ail-
shire and Carr, 2021). Specifically, the USA features a diverse
cultural landscape, a predominantly market-based healthcare
system, and notable disparities in income and access to services
(Ridic et al. 2012). In contrast, England is characterized by a
universal healthcare system and robust social welfare policies
(Mitonga and Shilunga, 2020). Meanwhile, China represents a
rapidly aging society undergoing dramatic urbanization and
economic transformation. It is marked by unique cultural norms,
such as collectivism and filial piety, along with a near-universal
health insurance coverage (Lancet, 2022). However, only limited

studies compare the association between risk factors and frailty
across countries, and they all focus on specific SDoH domains
(Hoogendijk et al. 2018; X. Chen et al. 2022). Therefore, assessing
the relative importance of various factors for frailty in both
Western and Eastern countries is important to inform universal
and region-specific priorities of public policies. Furthermore, this
understanding aligns with the recommendation by the WHO –
ageing research needs to be better coordinated across countries to
discover the most cost-effective approaches to maintain older
people’s health and wellbeing (World Health Organization, 2011;
Lu et al. 2021).

To bridge these gaps, this study aimed to investigate the rela-
tionship between multidomain SDoH and frailty from a long-
itudinal and cross-national perspective. Using a wide range of the
SDoH across three population-based cohort studies in the USA,
England, and China, we employed the tree-based machine
learning approach Extreme Gradient Boosting (XGBoost) to
predict frailty over the follow-up. We also utilized SHapley
Additive exPlanations (SHAP) to quantify the variable-wise and
domain-wise contributions of SDoH to frailty and investigate the
nonlinear associations of SDoH with frailty. The findings could
help develop regionally tailored strategies for frailty prevention
and intervention, thereby promoting healthy aging and addres-
sing age-related health inequalities within and across countries.

Methods
Study population. This study used data from three nationally
representative longitudinal studies: the US Health and Retirement
Study (HRS), the English Longitudinal Study of Ageing (ELSA),
and the China Health and Retirement Longitudinal Study
(CHARLS), as they provide comprehensive SDoH variables and
represent three distinct cultural, socioeconomic, and policy
environments. These studies were designed using similar survey
protocols, enabling cross-regional comparisons. Additional
details for each study have been previously described (Sonnega
et al. 2014; Steptoe et al. 2013; Zhao et al. 2014). We restricted our
samples to participants without frailty at baseline, defined as
having a frailty index below 0.2 (Searle et al. 2008), to mitigate the
influence of pre-existing frailty and minimize the possibility of
reverse causation. Participants who did not meet the minimal
inclusion age (≥51 years in HRS, ≥50 years in ELSA, and ≥45
years in CHARLS), were lost to the 4-year follow-up, or had
missing information on the SDoH were excluded (Fig. 1a and
Supplementary Methods). All studies received ethical approval
from relevant local research ethics committees, and participants
were recruited after providing written informed consent.

Measures
Social determinants of health. We selected SDoH variables
(n= 121 for HRS, n= 125 for ELSA, and n= 94 for CHARLS)
across seven domains (Fig. 1b): adverse childhood experiences
(ACEs), socioeconomic status (SES), material circumstances,
social connections, social stressors, health behaviors, and
healthcare systems (Supplementary Methods and Supplementary
Tables 1–3). The selection of these variables was based on a
careful review of the literature, with a focus on systematic reviews
(Braveman et al. 2011; Braveman and Gottlieb, 2014; Powell-
Wiley et al. 2022; Bhutta et al. 2023), the WHO’s report on SDoH
(World Health Organization, 2010), and the availability of data
from HRS, ELSA, and CHARLS. These selected SDoH variables
are highly relevant for frailty prevention as they capture a range
of risk factors that influence healthy aging across the life-course
(Huang et al. 2024).
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According to WHO’s SDoH framework (World Health
Organization, 2010), SES refers to an individual’s position in a
society and can be measured by education, occupation, income,
and social class; material circumstances are defined as physical-
environment-related determinants, such as housing, food, and
neighborhood environments; health behaviors include lifestyle
factors such as smoking, diet, alcohol consumption, and physical
activity; healthcare systems comprise the accessibility and quality
of medical services, as well as the coverage of healthcare
insurance. Social connections and social stressors are derived
from psychosocial circumstances of the WHO’s SDoH frame-
work. Specifically, social connections have components pertaining
to structure (e.g., social networks and living situation), function
(e.g., social support), and quality (e.g., loneliness and relationship
quality) (Holt-Lunstad, 2022), while social stressors refer to
difficult or challenging circumstances arising from social position
and experiences that are expected to be stressful (e.g., financial
strain and life events) (Klopack et al. 2022). Additionally, ACEs
are potentially traumatic events that occur in childhood, which
have been increasingly recognized as SDoH (Bhutta et al. 2023).
Categorical variables were dummy coded. We did not normalize
numeric variables for further model interpretation. The missing
rate of predictors ranged from 0 to 36% across all cohorts
(Supplementary Tables 7–9). We imputed missing data using the
MissForest method, a non-parametric random-forest-based
algorithm for mixed-type data, with 100 trees grown in each
forest and five iterations (Stekhoven and Bühlmann, 2012).

Frailty index. The frailty index (FI) was evaluated as the accu-
mulation of age-related health deficits at baseline and the 4-year
follow-up. Following the previously described standard procedure
(Searle et al. 2008), we constructed the FI based on 45, 52, and 47
items for participants from HRS, ELSA, and CHARLS, respec-
tively (Supplementary Tables 4–6). The deficits included chronic
diseases, disability, mobility restrictions, self-rated health, sensory
impairments, depressive symptoms, and cognition (Fig. 1c). This
multidimensional approach captures a broad range of physical

and psychological impairments, providing a comprehensive
measure of biological aging and overall health status. Notably, the
FI has demonstrated strong predictive validity for adverse health
outcomes, such as mortality and hospitalization, across diverse
populations (Clegg et al. 2013; Hoogendijk et al. 2019). The total
number of deficits was divided by the number of items measured
to produce an FI between 0 and 1, where a higher value indicated
a higher degree of frailty. Most FI items had a missing rate of less
than 5%, and over 70 and 55% of participants had complete data
on FI items at baseline and follow-up (Supplementary Tables
4–6). To maximize the sample size and reduce the selection bias
of the study population, missing data on FI items were imputed
using the MissForest method (Pridham et al. 2022).

Statistical analyses
Descriptive statistics. Characteristics of the total population are
presented using mean (standard deviation [SD]) for continuous
variables or numbers (percentages) for categorical variables.
Spearman correlations between the SDoH variables were less than
0.85 in all cohorts (Supplementary Fig. 1).

Model development and evaluation. We employed the XGBoost
model to identify SDoH associated with frailty at the 4-year fol-
low-up (Fig. 1d). XGBoost is an ensemble machine learning
algorithm that combines multiple decision trees to generate
accurate predictions, and to capture non-linear and interaction
effects between predictors (T. Chen and Guestrin, 2016). Addi-
tionally, based on our experiments, XGBoost performed better
compared with several commonly used machine learning algo-
rithms, including Lasso, elastic net, support vector machines, and
random forest (Supplementary Table 10). The dataset was ran-
domly divided into training (80%) and testing (20%) sets. We
used the mean squared error as the loss function for our
regression task. The hyperparameters, including number of trees,
maximum depth, learning rate, gamma, minimum child weight,
number of features per tree, percentage of subsample per tree, and
early stopping rounds, were chosen by the grid search approach

Fig. 1 Research framework. a Study population included from the HRS (USA), ELSA (England), and CHARLS (China). b Social determinants of health
(SDoH) selected from seven domains. c Frailty index evaluated as the accumulation of age-related health deficits. d Extreme Gradient Boosting model as
the machine learning approach. e Shapley Additive exPlanations method to analyze the SDoH associated with frailty from domain- and variable-wise
importance, as well as their nonlinear relationships. HRS = Health and Retirement Study, ELSA = English Longitudinal Study of Ageing, CHARLS = China
Health and Retirement Longitudinal Study.
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and 10-fold cross-validation (Supplementary Table 11). Model
performance on the training and testing sets was evaluated based
on root mean squared error (RMSE), mean absolute error (MAE)
and coefficient of determination (R2). The 95% confidence
intervals (CIs) of performance metrics were estimated by boot-
strapping the testing set 1000 times.

Model interpretation. Since the XGBoost is a blackbox model, we
further employed the SHAP method, a post-hoc explanation
algorithm for machine learning models, to understand and
interpret the relationships between SDoH variables and frailty
(Fig. 1e). SHAP values, computed by a game theoretical approach,
can quantify the contribution of each predictor to the prediction
for each participant and explain the final prediction as the sum of
the SHAP value of each predictor (Lundberg et al. 2020). Higher
(or lower) SHAP values imply large positive (or negative) con-
tributions to the FI prediction. We used all participants in the
training set to explain our prediction models. First, mean absolute
SHAP values across all participants were calculated to obtain the
global impact of each SDoH predictor (i.e., variable-wise impor-
tance), where more important predictors have higher mean
absolute SHAP values. Furthermore, given the additivity of SHAP
values, we calculated the domain-wise importance by normalizing
mean absolute SHAP values and summing them across all SDoH
variables within a given domain (Lundberg et al. 2020; Madak-
katel et al. 2021). This approach allows us to estimate the
cumulative contribution, ranging between 0 and 1, of each SDoH
domain to FI prediction. Finally, we used the partial dependence
plot to show the marginal effect of a predictor on FI prediction,
which can capture nonlinear relationships between an SDoH
predictor and frailty.

Sensitivity analyses. We performed sensitivity analyses to explore
the robustness of our results. First, due to the steeper increase
after 65 years old (Raymond et al. 2020) and sex differences in FI
(Kane and Howlett, 2021), we developed prediction models by
age and sex. Then, we used Explainable Boosting Machine (EBM)
models to repeat our primary analyses with the same training and
testing sets and using default parameters (Supplementary Meth-
ods) (Nori et al. 2019). The EBM is an explainable machine
learning method that is derived from the generalized additive
model and determines the shape function of each feature using
bagging and gradient boosting with round-robin cycles (Nori
et al. 2019). Finally, we performed environment-wide association
studies (EWAS) to investigate the relationship between SDoH
factors and frailty (Supplementary Methods). Similar to genome-
wide association studies (GWAS), EWAS is an analytic approach
that systematically tests all available factors while reducing the
chance of spurious findings by internal validation and false dis-
covery control (Patel et al. 2010).

EBM was performed using Python Version 3.8, and other
statistical analyses were conducted using R software Version 4.1.1.
A two-sided P < 0.05 was considered statistically significant.

Results
Study population. Baseline characteristics of participants in HRS
(N= 5792, 44.0% of males), ELSA (N= 3773, 45.9% of males),
and CHARLS (N= 5016, 54.3% of males) are presented in Sup-
plementary Tables 7–9. The mean (SD) age of participants was
65.2 (9.2) years in HRS, 65.9 (8.5) years in ELSA, and 58.1 (9.2)
years in CHARLS. At the 4-year follow-up, the mean (SD) FI was
0.14 (0.09) in HRS, 0.11 (0.08) in ELSA, and 0.15 (0.08) in
CHARLS (Fig. 2a–c and Supplementary Table 12).

Domain-wise importance. Figure 3 presents the domain-wise
importance of seven SDoH domains and demographics along
with the explained variance (i.e., R2). Our models explained 0.242
(95% CI: 0.203–0.281), 0.258 (95% CI: 0.190–0.324), and 0.172
(95% CI: 0.126–0.215) of the variance in FI among all participants
from HRS, ELSA, and CHARLS, while the explained variance was
between 0.090–0.319 in subgroups. Social connections (22.3%),
social stressors (20.3%), and health behaviors (18.3%) had the
largest contribution to frailty in HRS, wherein health behaviors
(30.5%) and social connections (20.4%) were also the most
important SDoH in ELSA. In CHARLS, SDoH domains with
importance scores of ≥10% included material circumstances
(16.6%), ACEs (15.5%), health behaviors (15.2%), and social
stressors (10.6%). Age- and sex-stratified analyses showed similar
patterns of domain-wise importance.

Variable-wise importance. Figure 4 and Supplementary Fig. 2
summarize the top 20 most important variables in each predic-
tion model. Among all participants in HRS, the most relevant
SDoH factors included ongoing health problems, body mass
index (BMI), sleep problems, using a computer or email, and
government health insurance. In ELSA, the strongest SDoH
predictors came from health behaviors, including sleep problems,
BMI, vigorous/moderate physical activities, and sleep duration. In
CHARLS, access to the shower/bath facility, BMI, sleep problems,
out-of-pocket doctor visit expenditure, and father’s farming
occupation were the most important SDoH.

We found several strong SDoH predictors shared in three
cohorts, including BMI, sleep problems, loneliness, and house-
hold wealth. Moreover, similar important SDoH variables were
observed across two cohorts, such as physical activities for HRS
and ELSA, sleep duration for ELSA and CHARLS, as well as out-
of-pocket medical expenditure for HRS and CHARLS. Although
most of these factors were also identified in different subgroups,
we observed some variations in important SDoH between
subpopulations (Supplementary Fig. 2). For instance, using the
computer more frequently was associated with frailty among
adults aged ≥65 years but not among those aged <65 years in
HRS.

Associations between SDoH and frailty. Most SDoH variables
were associated with frailty, aligning with the expected direction
(Fig. 4). As an example, HRS participants who reported more
severe ongoing health problems had a higher SHAP value,
representing a higher degree of frailty. Moreover, higher house-
hold wealth, higher household income, and lower out-of-pocket
expenditure were associated with a lower FI. However, the rela-
tionship between several predictors and frailty was opposite to
our initial hypothesis and showed differences across cohorts
(Supplementary Fig. 3). We observed that, for example, having
government health insurance increased the frailty risk in HRS but
not in CHARLS. Current smoking was associated with an
increased FI in HRS and ELSA but not in CHARLS. Similarly,
people with higher drinking frequency or more weekly drinks had
a lower FI in ELSA and CHARLS, but a higher FI in HRS.

Nonlinear relationships between SDoH and frailty. Curve
shapes indicated the ranges of the predictor value for which the
corresponding SHAP values were positive, neutral, or negative
(Fig. 5). For example, a sharp increase from zero in SHAP values
occurred for a BMI ≥ 30 kg/m2 in HRS and ELSA, whereas
positive SHAP values were observed in both BMI ≤ 18.5 kg/m2

and BMI ≥ 25 kg/m2 in CHARLS. Additionally, we found a
U-shaped relationship between sleep duration and frailty, with
minimal SHAP values observed at 7–8 h in ELSA and 7–9 h in
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CHARLS. ELSA participants who had <2.5 portions of daily fruit
or vegetable consumption had a lower FI. Finally, daily duration
of watching television among participants in ELSA was positively
associated with frailty, while the threshold was five hours.

Sensitivity analyses. When using EBM models to predict frailty,
the results of domain-wise importance (Supplementary Fig. 4),
variable-wise importance (Supplementary Fig. 5), and rela-
tionships between SDoH and frailty (Supplementary Fig. 6)
were largely replicated. Additionally, we validated the associa-
tions between frailty and most SDoH factors identified by
XGBoost models through the EWAS approach (Supplementary
Fig. 7).

Discussion
Among middle-aged and older adults from the USA, England,
and China, we assessed the impact of individual SDoH factors
and SDoH domains on frailty at four years after baseline using
machine learning and SHAP approaches. We showed that health
behaviors and social connections or stressors were the most
important domains in HRS and ELSA, but material circumstances
contributed largely to frailty in CHARLS. We observed several

common important SDoH predictors across countries, such as
BMI and sleep duration, whereas their nonlinear relationship
with frailty showed differences. Finally, understudied country-
specific risk factors, such as access to the shower/bath facility in
CHARLS, were also identified.

Our results showed that health behaviors were the important
SDoH domain across the three countries. This is consistent with
previous studies that have highlighted the role of lifestyle factors
in the development and progression of frailty (Feng et al. 2017;
Hoogendijk et al. 2019; Qin et al. 2023). However, the results
regarding smoking and alcohol consumption varied between
countries. Specifically, we observed that current smoking was
associated with frailty in HRS and ELSA but not in CHARLS. A
plausible explanation is that participants in CHARLS, especially
males, had a much higher proportion of smoking than those in
HRS and ELSA (Supplementary Table 9), which may lead to a
selection bias or a survivor effect (Kojima et al. 2015). This higher
prevalence of smoking in China may be attributed to the later
implementation and lower effectiveness of tobacco control mea-
sures compared to the USA and England (Chan et al. 2023; World
Health Organization, 2023). For example, cigarette package
warnings are less noticeable, and the regulation of smoke-free
environments is weaker in China. Additionally, cigarettes are

Fig. 2 Frailty index distribution at follow-up by country and subgroup. Distribution of the frailty index at follow-up among the overall population and by
subgroups, in the USA (a), England (b), and China (c). HRS = Health and Retirement Study, ELSA = English Longitudinal Study of Ageing, CHARLS =
China Health and Retirement Longitudinal Study.
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often viewed as a form of social currency in China, where offering
and sharing cigarettes is a common social practice, making
tobacco control more challenging (Rich and Xiao, 2012). Simi-
larly, we found that adults with more drinks per week had a
higher FI in HRS, whereas those with a higher drinking frequency

had a lower FI in ELSA and CHARLS. This discrepancy may
suggest that higher drinking frequency reflects light or social
drinking habits, while a greater weekly alcohol intake may indi-
cate heavy drinking or binge drinking, which is more detrimental
to health (Probst et al. 2020).

Fig. 3 Domain-wise importance of SDoH by country and subgroup. Domain-wise importance of SDoH among the overall population and by subgroups, in
the USA (a), England (b), and China (c). Domain-wise importance was calculated by normalizing mean absolute SHAP values and summing them across all
SDoH variables within a given domain. The importance of scores ≥10% is presented. The R2 are reported for each model. SDoH social determinants of
health, SHAP SHapley Additive exPlanation, HRS = Health and Retirement Study, ELSA = English Longitudinal Study of Ageing, CHARLS = China Health
and Retirement Longitudinal Study.

Fig. 4 Top 20 SDoH predictors of frailty by country. Variable-wise importance of SDoH in the overall population, in the USA (a), England (b), and China
(c). The top 20 most important SDoH ranked by mean absolute SHAP values are shown for clarity. Each point represents the SHAP value of a specific
predictor for each individual. Indigo and cheese color indicate low and high values of the feature, respectively. A higher SHAP value on the x-axis indicated
a higher degree of frailty for a given individual. The R2, MAE, and RMSE are reported for each model. SDoH social determinants of health, HRS = Health
and Retirement Study, ELSA = English Longitudinal Study of Ageing, CHARLS = China Health and Retirement Longitudinal Study, MAE = mean absolute
error, RMSE = root mean squared error.
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We found that the relationship between BMI and frailty dif-
fered between countries, with a J-shaped association in HRS and
ELSA, but a U-shaped association in CHARLS. This may reflect
the double burden of both underweight and overweight or obesity
in Asian low- and middle-income countries (LMICs) (Wells et al.
2020), whereas the USA and England face a persistent obesity
epidemic (NCD Risk Factor Collaboration NCD-RisC, 2024). In
line with previous findings, we observed a U-shaped relationship
between sleep duration and frailty, and found that longer daytime
napping could reduce the frailty risk (Pourmotabbed et al. 2020;
Zhang et al. 2023). Moreover, our results showed that moderate
fruit consumption was associated with a lower FI, consistent
with another study using ELSA data (Kojima et al. 2020).
Overall, our findings support that the adherence to healthy
behaviors plays a role in later-life frailty prevention at the
population level, and examining potential nonlinear exposure-
outcome associations could provide additional insights for
public policies (Fraser et al. 2016).

Psychosocial factors, including social stressors and social
connections, contributed substantially to frailty disparities in our
study. Through repeated and prolonged activation of neu-
roendocrine responses, psychosocial stress could accelerate bio-
logical aging processes, leading to frailty (Polsky et al. 2022). Our
findings further strengthen the evidence showing that stressors,
including loneliness, daily discrimination, ongoing health pro-
blems, and leaving the job for health conditions were related to
increased FI. Both the USA and England have recognized the
growing public health challenge posed by loneliness and imple-
mented national-level interventions to address it (The Lancet,
2023). In contrast, while we found that loneliness is also a strong
predictor of frailty among Chinese older adults, there are fewer
policies or public initiatives specifically targeting loneliness. In
China, the cultural emphasis on filial piety and family-centered
care traditionally places the responsibility for late-life care on
family members rather than the country. However, rapid urba-
nization and demographic shifts, such as increased migration and

Fig. 5 Nonlinear relationship between key SDoH predictors and frailty. Partial dependence plots for body mass index (a), sleep duration (b), fruit and
vegetable consumption (c), and watching television (d) among the overall population. Each point represents the SHAP value of a specific predictor for each
individual. Predictor values are plotted on the x-axis. A higher SHAP value on the y-axis indicated a higher degree of frailty for a given individual. SHAP =
SHapley Additive exPlanation, HRS = Health and Retirement Study, ELSA = English Longitudinal Study of Ageing, CHARLS China Health and Retirement
Longitudinal Study.
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smaller household sizes, have weakened traditional family sup-
port structures. Older adults in China may experience greater
feelings of loneliness if their expectations for family involvement
and care are not met (X. Wang, 2024). These findings highlight
the urgent need for national policies or community programs to
address loneliness in China, thereby mitigating its impact on
frailty risk in older populations.

Regarding social connections, we found that using a computer,
maintenance or gardening, and watching television were strong
predictors of frailty. Social connections may influence frailty
through multiple mechanisms, including providing emotional
support, reducing stress, encouraging healthy behaviors, and
enhancing cognitive stimulation, all of which contribute to better
physical and mental function (Holt-Lunstad, 2022). However, we
observed that watching television more frequently in HRS or
more than5 h per day in ELSA was associated with an increased
risk of frailty. This may be because watching television could
increase sedentary time and reduce time spent on other social
activities beneficial to physical and mental functioning (Fancourt
and Steptoe, 2019). These results suggest that social connections
could improve healthy aging, aligning with recent studies sup-
porting hobby engagement and internet use as potential global
social prescribing strategies (Mak et al. 2023; Luo et al. 2025).
However, we also found that some specific activities or activities
with improper frequency and duration may attenuate their ben-
efits on health and even increase frailty risk. Thus, further
research is needed to investigate the effect of specific types of
social connections and their frequency or duration on frailty.

In our study, material circumstances had a great impact on
frailty disparities in CHARLS. Our results showed that in-house
shower facilities, internet connection, clean cooking fuel, and
geographic region were the most important material factors in
CHARLS. These findings are consistent with prior research
demonstrating that better housing conditions were associated
with healthy aging among older Chinese adults, while those living
in coastal regions had a lower frailty prevalence (Gong et al. 2022;
Wu et al. 2018). Given the rapid economic development and
urbanization process, older Chinese populations, particularly in
rural areas, may experience more severe housing poverty than
those in the USA and England (Xie and Zhou, 2014). For
example, 10% of older adults lack indoor toilets, and only 45%
have access to toilets with seats and flushing water rather than
conventional squatting toilets, even after a decade of toilet revo-
lution in China (Gong et al. 2022; Cheng et al. 2018). Thus,
improving housing conditions and creating age-friendly resi-
dential environments, such as shower facilities and toilets with
seats and flushing water, could offer an effective solution for
preventing frailty or reducing regional health disparities, espe-
cially in LMICs like China. Furthermore, recent China’s policies
on age-friendly environment underscore the government’s efforts
to enhance the living conditions of older adults (National Health
Commission of the People’s Republic of China, 2020; Xu et al.
2023). These policies advocate for comprehensive improvements
in housing, healthcare services, and community support systems
to foster an age-friendly community. Importantly, they also
highlight the integration of digital technologies as a future
direction for building such environments. Integrating our find-
ings with these policies offers a practical and culturally appro-
priate pathway to reduce frailty risks.

We demonstrated that several factors related to ACEs, SES, and
healthcare systems were strong predictors of frailty. This is con-
sistent with previous findings reporting that childhood adversity
has wide-ranging and long-term negative effects on physiological
systems, thus increasing the frailty risk (Q. Wang, 2022). Our
results also add further evidence to validate the association
between SES and frailty (J. Wang and Hulme, 2021). For

healthcare systems, we observed that government health insur-
ance was related to a lower risk of frailty in CHARLS but a higher
risk in HRS. A possible reason is that the USA provides health-
care coverage for adults aged ≥65 years or with disabilities
through Medicare, and China implements a universal health
coverage system that entitles all citizens to receive public
healthcare. Therefore, having government health insurance may
indicate older age or poorer health status, which are risk factors
for frailty, in the USA, but reflect higher socioeconomic status or
better access to healthcare in China (Cho et al. 2023). Moreover,
we found that people with higher out-of-pocket medical expen-
ditures and lower healthcare satisfaction had a higher FI in HRS
and CHARLS. Even in England, where there is a public healthcare
system, poor access to medical resources due to transportation
problems could increase frailty risk. These findings suggest that
access to healthcare services is essential to promote optimal
human functioning and healthy aging in older populations.

The main strength of our study was that we included three
national longitudinal studies, representative of middle-aged and
older adults from the USA, England, and China, to evaluate the
longitudinal effects of seven-domain SDoH on frailty. Moreover,
we combined machine learning models and state-of-the-art
explanation methods to identify important SDoH factors for
frailty and evaluate the contribution of each SDoH domain to FI
prediction. Our cross-national comparisons shed light on the role
that SDoH play in shaping healthy aging in later life under spe-
cific contexts.

Our findings have important policy implications. Our results
support the United Nations’ Decade of Healthy Ageing
2021–2030 initiative by providing empirical evidence to inform
international guidelines on healthy aging promotion (United
Nations, 2020). Frailty prevention policies targeting modifiable
factors, including health behaviors, social connections, and
housing conditions, could be adapted globally while accounting
for regional differences. Additionally, the identification of
country-specific SDoH suggests the need for tailored public
health strategies. For example, in LMICs like China, lifestyle
modifications such as smoking cessation remain a priority, while
in high-income countries, addressing obesity is crucial. Further-
more, machine learning approaches allow us to identify non-
linear relationships that can better inform frailty prevention
strategies.

More importantly, as global aging cohort resources continue to
expand (Khalatbari-Soltani et al. 2024), our study provides a
hypothesis-free discovery framework for identifying potential
determinants of healthy aging across countries through machine
learning. This approach opens two promising directions for
future research. First, a systematic investigation of cross-country
discrepancies in key SDoH predictors could uncover possible
mechanisms driving health disparities. For instance, our study
observed differences in the association between smoking and
frailty across countries, which may reflect cultural perceptions of
smoking as social currency in China and policy implementation
gaps in tobacco control (Rich and Xiao, 2012; Chan et al. 2023).
Second, consistent and meaningful SDoH factors can be further
validated through epidemiological studies using multi-cohort
data. For example, the consistent protective association between
internet connection and frailty observed in our study has been
independently validated in another multi-cohort study (Li, 2024).
These findings also lay the foundation for our work demon-
strating the positive relationship between internet use and mental
health across 23 countries (Luo et al. 2025). This scalable fra-
mework, when incorporated with more global aging cohorts,
could inform the development of tailored public health inter-
ventions and policies that address population-specific needs while
also revealing global patterns in healthy aging.
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Several limitations should be noted in our study. First, SDoH
variables and FI items were collected by self-reported ques-
tionnaires, potentially introducing recall bias and information
bias. However, self-reported data allow for the cost-effective
collection of a wide range of information, and these measures
have been widely used and validated in large-scale epidemiolo-
gical studies (Sonnega et al. 2014; Steptoe et al. 2013; Zhao et al.
2014). Second, although we selected SDoH based on the same
framework, there were still inevitable variations in the included
SDoH variables or measures across cohorts, which could reduce
the cross-national comparability of our findings. We also recog-
nized that cultural differences may shape the experience and
interpretation of SDoH variables. Nonetheless, our results could
give insights into universal and country-specific important SDoH
for frailty, capturing common dimensions of social and economic
life that are comparable across Western and Eastern countries.
Third, information on certain SDoH factors, such as dietary
patterns, was unavailable in these three cohorts. Future research
with more detailed assessments of lifestyle and psychosocial
factors could further elucidate their contributions to frailty risk.
Fourth, our research does not allow for causal inferences, even
though we conducted a longitudinal design and excluded parti-
cipants with frailty at baseline to minimize the risk of reverse
causation. Future research utilizing causal inference methods and
interventional studies would be essential to further investigate the
causal mechanisms underlying these associations. Fifth, a large
proportion of adults were excluded due to missing data on SDoH,
which may affect the representativeness of the study population.
Larger cohort studies are needed to further verify the results.
Sixth, due to the limited accessibility of the CHARLS data, we
restricted our analysis to a four-year follow-up across all cohorts
to ensure comparability. Future research could extend the follow-
up period to capture long-term effects and consider additional
health outcomes, such as multimorbidity and functional decline,
to provide a more comprehensive understanding of how SDoH
influences the aging process. Finally, we only considered one
middle-income country (China) and two high-income countries
(the USA and England). Validation in diverse populations across
low-, middle-, and high-income countries could be further con-
sidered using the HRS international families of studies.

Conclusions
By identifying and comparing SDoH factors associated with
frailty among middle-aged and older adults in the USA, England,
and China, our study emphasizes the need to obtain a compre-
hensive understanding of the impact of multidomain SDoH on
frailty. Our findings reveal the priorities of SDoH domains and
factors for addressing aging disparities and promoting healthy
aging, especially region-specific risk factors for tailored public
health strategies to prevent frailty. More robust and cross-
national evidence on the association between SDoH factors and
frailty is needed to validate our findings.

Data availability
The data of this study were available on the following websites:
the Health and Retirement Study (https://hrs.isr.umich.edu/), the
English Longitudinal Study of Ageing (https://www.elsa-project.
ac.uk/), the China Health and Retirement Longitudinal Study
(http://charls.pku.edu.cn/), and the Gateway to Global Aging
(https://g2aging.org/app/home).

Code availability
All code for analyses in this study is available for download from
GitHub at https://github.com/YanLuoCityU/social-determinants-
frailty.
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