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Abstract
Background

Predicted fat mass index (pBFMI) can be calculated when direct body-composition measurements are
unavailable, but it is a deterministic transformation of body mass index (BMI), age, and sex. We
examined whether its association with incident stroke was consistent across three national ageing
cohorts.

Methods

We analysed stroke-free adults aged 65 years or older in CHARLS (2011-2020), ELSA (2004-2018), and
HRS (2006-2020). Because stroke onset was known only between survey waves, the primary analysis
used discrete-time complementary log-log models. Model 2 adjusted for age, sex, education, marital
status, smoking, and an alcohol-use indicator; hypertension, diabetes, and heart disease were added in
Model 3 as potential intermediates. Sex-specific standardization was recalculated within each cohort's
age-65-or-older sample. We assessed mathematical coupling with BMI, compared apparent model fit
and discrimination, and treated random-effects synthesis as descriptive.

Results

Model 2 included 3,241 CHARLS participants (317 strokes), 2,494 ELSA participants (205 strokes), and
3,614 HRS participants (413 strokes). Per sex-specific standard deviation higher pBFMI, hazard ratios
were 1.247 (95% Cl 1.165-1.334) in CHARLS, 0.924 (0.800-1.067) in ELSA, and 0.987 (0.892-1.091) in
HRS. A one-stage discrete-time model showed cohort heterogeneity (joint interaction P < 0.001), which
persisted when all Model 2 covariate effects were allowed to vary by cohort (P < 0.001). Hartung—Knapp
descriptive synthesis gave an HR of 1.051 (0.709-1.560), 12=89.8%, and a 95% prediction interval of
0.491-2.250. pBFMI correlated strongly with BMI (r = 0.977-0.988) and did not materially improve
apparent AIC or C-index.

Conclusions

Among adults aged 65 years or older, pBFMI was positively associated with incident stroke in CHARLS
but not in ELSA or HRS. The findings do not support a consistent cross-population association and
provide no evidence of materially improved apparent model fit or discrimination over BMI.

Background

Stroke remains a leading cause of death and disability, and its absolute burden continues to rise as
populations grow and age. High body mass index (BMI) accounted for an estimated 24% of stroke-
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related disability-adjusted life-years in 2019 and was among the fastest-growing contributors to the
global stroke burden [1]. Yet BMI is an indirect measure of adiposity: identical BMI values may represent
different proportions of fat and lean tissue [2, 31], and this ambiguity becomes particularly relevant in
later life, when muscle mass declines while fat mass and its distribution change [3, 39, 40].

Prospective evidence generally links higher BMI with greater stroke risk, but the association is non-linear
and differs by stroke subtype and population [4, 5, 16-19]. Studies using dual-energy X-ray
absorptiometry, bioelectrical impedance, or regional adiposity measures further suggest that fat
distribution may carry information not captured by BMI alone [6, 7, 20—23]. Recent studies have also
examined relative fat mass, another anthropometric adiposity proxy, in relation to stroke [33, 34]. In large
Chinese cohorts, general and central adiposity measures were positively associated with total and
ischaemic stroke, while their relationships with haemorrhagic stroke were more complex [5, 18, 19].
These observations motivate evaluation of body-composition proxies, but they also indicate that an
index developed in one setting may not show consistent associations across populations.

The Deurenberg equation estimates percentage body fat from BMI, age, and sex and explained 79% of
between-person variation in its original adult samples [8]. Combining this estimate with measured weight
and height yields predicted fat mass and predicted fat mass index (pBFMI). The approach is inexpensive
and can be applied retrospectively to ageing cohorts that lack dual-energy X-ray absorptiometry.
However, the relation between BMI and body fat varies by age, sex, ethnicity, and body habitus [9, 24, 25,
32]. Equations developed primarily in European-origin samples may therefore misestimate body fat in
Asian populations. Whether pBFMI shows a consistent prospective association with stroke across
ageing cohorts is uncertain.

We used three national ageing cohorts to examine the association between pBFMI and incident stroke in
adults aged 65 years or older. We estimated associations separately within each cohort and formally
assessed between-cohort heterogeneity. We also examined whether pBFMI improved model fit or
discrimination relative to BMI and quantified the mathematical coupling created by its derivation.

Methods
Study design and cohorts

This study comprised parallel secondary analyses of three prospective ageing cohorts. CHARLS is a
nationally representative study of middle-aged and older Chinese adults and their spouses [10]. We used
the 2011 baseline and follow-up waves in 2013, 2015, 2018, and 2020. ELSA is a representative panel of
community-dwelling adults in England, with repeated interviews and nurse assessments [11]. Wave 2
(2004) was the analytic baseline because measured anthropometry was available, with stroke follow-up
through wave 9 (2018). HRS is a nationally representative US panel of older adults and their spouses
[12]. We used 2006 as baseline, when enhanced physical measures were collected, and biennial follow-
up through 2020.
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Participants were eligible if they were aged 65 years or older at the analytic baseline, had valid sex,
height, weight, and calculated pBFMI, reported no stroke at baseline, and had at least one subsequent
stroke assessment. The age threshold of 65 years was selected as a conventional definition of older
adulthood and to define a clinically relevant geriatric target population consistently across cohorts.
Participants younger than 65 years were excluded from all analyses. Cohort-specific complete-case
samples for the common primary model were analysed. The study followed STROBE recommendations
[13].

Predicted fat mass index

BMI was calculated as weight in kilograms divided by height in metres squared. Percentage body fat was
estimated using the adult Deurenberg equation: BF% = 1.20 x BMI + 0.23 x age - 10.8 x sex - 5.4, where
sex was coded 1 for men and 0 for women [8]. Predicted fat mass (kg) was weight x BF%/100, and
pBFMI (kg/m?) was predicted fat mass divided by height squared. Implausible anthropometric values
and predicted body-fat percentages outside 0—75% were excluded. After restricting each cohort to
participants aged 65 years or older, pBFMI was standardized to a mean of zero and standard deviation of
one within sex and cohort. The primary coefficient therefore represents the hazard ratio per one sex-
specific standard deviation higher pBFMI in the target older population.

Incident stroke

Baseline and follow-up stroke were defined from participant reports of a physician diagnosis in each
parent study. Participants reporting stroke at baseline were excluded. Incident stroke was assigned to
the interval ending at the first follow-up wave with a positive report. Participants without an event were
followed to their last observed stroke assessment. Exact onset dates were not available consistently; the
outcome was therefore treated as grouped interval-time data in the primary analysis.

Covariates

Potential baseline confounders were age, sex, education, marital status, current smoking, and an
alcohol-use indicator. The alcohol measure was not fully equivalent across cohorts: CHARLS recorded
any consumption in the previous year, whereas ELSA and HRS used harmonized ever-drinking indicators.
We therefore use the generic term alcohol use rather than current alcohol use; cohort-specific definitions
are reported in Additional file 1 (Table S6). Hypertension, diabetes, and heart disease were analysed
separately because they may lie partly on pathways linking adiposity to stroke. Education retained
cohort-specific categories to respect differences in national systems. Chronic conditions were defined
according to the available parent-survey items, primarily self-reported physician diagnoses.

Statistical analysis

Page 4/17



Discrete-time complementary log-log models were primary because stroke occurrence was observed
within grouped survey intervals [36]. Cohort-specific interval indicators represented the baseline hazard.
Model 1 included age and sex. Model 2, designated the primary association model, additionally included
education, marital status, current smoking, and alcohol use. Model 3 further added hypertension,
diabetes, and heart disease to examine attenuation after adjustment for potential metabolic or
cardiovascular intermediates. To separate covariate adjustment from changes in sample composition,
Models 1-3 were also fitted to the identical Model 3 complete-case sample in each cohort. Effect
estimates are reported as hazard ratios (HRs) with 95% confidence intervals (Cls) per sex-specific
standard deviation higher pBFMI.

We quantified mathematical coupling using correlations of pBFMI with BMI and age, the exposure
variance-inflation factor in Model 2, and a condition index for pBFMI, BMI, and age. By construction,
pBFMI was fully determined by BMI, age, and sex. Separate pBFMI and BMI models were fitted to
identical samples. Discrete-time Akaike information criterion (AIC) and Cox-model Harrell C-index values
were compared as apparent, within-sample measures; no cross-validation or optimism correction was
performed. pBFMI and BMI were not entered together in outcome models.

A one-stage discrete-time complementary log-log model formally tested heterogeneity within the primary
model framework. It included cohort-specific survey-interval baseline hazards, common Model 2
covariate coefficients, and cohort-by-pBFMI terms; a likelihood-ratio test jointly assessed the interaction
terms. Because education, marital status, smoking, and alcohol use were not necessarily measurement-
equivalent across cohorts, a sensitivity model additionally allowed every Model 2 covariate coefficient to
vary by cohort and repeated the joint cohort-by-pBFMI test. Cox models using the survey-wave endpoint
served as sensitivity analyses, and proportional hazards were assessed with Schoenfeld residuals and
the Grambsch—-Therneau test [26]. Cohort estimates were summarized descriptively using restricted
maximum likelihood with Hartung—Knapp adjustment and a 95% prediction interval [27]. Given only three
cohorts and different absolute pBFMI increments underlying one standardized unit, this synthesis was
not interpreted as a common population effect.

Primary analyses used complete cases within each cohort. We reported covariate-specific missingness
and compared baseline characteristics of participants included in versus excluded from Model 2 using
standardized differences (Additional file 1, Tables S4-S5). Multiple imputation was not used because
education and alcohol measures were not operationally equivalent across cohorts and a common
auxiliary-variable set was unavailable; the common-sample sequential analysis directly addressed
changes in sample composition across adjustment models.

Sensitivity analyses excluded events in the first two years, repeated Model 2 without the non-equivalent
alcohol-use indicator, replaced pBFMI with sex-standardized BMI or waist-to-height ratio, examined sex
and age strata (65—74 versus = 75 years), and applied cohort-specific anthropometry weights—CHARLS
bio_weight2, ELSA r2nwtresp, and HRS r8nwtresp—with normalized weights and robust standard errors
[30]. Weighting remained a sensitivity analysis because compatible strata and primary sampling units
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were not harmonized. Exploratory competing-risk models were restricted to cohorts with usable
mortality timing [14, 37, 38]. Possible time variation in ELSA was additionally explored using a log-time
interaction and a piecewise Cox model with a 6-year cut point; the cut point was exploratory. Analyses
used R 4.5.1 and two-sided tests.

Results

Cohort characteristics

Model 2 included 3,241 CHARLS, 2,494 ELSA, and 3,614 HRS participants aged 65 years or older
(Table 1). Mean age ranged from 71.6 years in CHARLS to 73.9 years in HRS, and women comprised
50.1-57.7% of each sample. Mean pBFMI was 7.58 kg/m? in CHARLS, 11.20 kg/m? in ELSA, and 12.11
kg/m2in HRS. Across 79,726 person-years, 935 incident strokes were reported: 317 in CHARLS, 205 in
ELSA, and 413 in HRS.

Table 1

Baseline characteristics of the primary complete-case samples aged 65
years or older

Characteristic CHARLS ELSA HRS
Participants, n 3,241 2,494 3,614
Incident strokes, n 317 205 413
Person-years 23,520 22,992 33,214

Age, mean (SD), years 71.6 (5.5) 73.0 (6.1) 73.9 (6.8)
Women, n (%) 1,624 (50.1) 1,327(53.2) 2,086 (57.7)
pBFMI, mean (SD), kg/m?  7.58 (3.07) 11.20 (3.98) 12.11 (4.43)
BMI, mean (SD), kg/m? 22.5(3.9) 27.7 (4.6) 28.6 (5.2)
Married/partnered, % 72.7 63.1 63.6
Current smoker, % 29.9 10.3 9.0

Alcohol use indicator, % 29.2 88.2 50.1
Hypertension, % 30.5 449 62.6
Diabetes, % 6.3 9.0 19.9

Heart disease, % 15.4 19.4 27.5
Median follow-up, years 9 10 10

Values are unweighted and describe participants aged 65 years or older included in Model 2. The
alcohol-use indicator was cohort specific: previous-year consumption in CHARLS and ever-drinking
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indicators in ELSA and HRS. Cardiometabolic conditions are shown descriptively but enter only Model 3.
BMI, body mass index; pBFMI, predicted fat mass index.

Missing data and complete-case composition

Among participants aged 65 years or older with pBFMI and follow-up data, Model 2 retained 99.1% in
CHARLS, 80.5% in ELSA, and 99.7% in HRS. In ELSA, 603 participants and 47 strokes were excluded from
Model 2; missingness was concentrated in education (9.8%) and the alcohol-use indicator (10.5%).
Model 3 retained 97.9%, 80.5%, and 96.8% of eligible participants, respectively. Included-versus-excluded
comparisons and covariate-specific missingness are reported in Additional file 1 (Tables S4-S5).

Cohort-specific and pooled associations

In the primary Model 2 discrete-time analysis, pBFMI was associated with incident stroke in CHARLS (HR
1.247,95% Cl 1.165-1.334; P < 0.001), but not in ELSA (HR 0.924, 95% CI 0.800-1.067; P = 0.281) or HRS
(HR 0.987,95% C1 0.892-1.091; P = 0.794) (Fig. 1). A one-stage discrete-time complementary log-log
model with cohort-specific interval hazards showed evidence of heterogeneity (joint cohort-by-pBFMI
likelihood-ratio P < 0.001). Heterogeneity persisted when every Model 2 covariate coefficient was allowed
to vary by cohort (joint likelihood-ratio P < 0.001; Additional file 1, Table S3).

Sequential models restricted to each cohort's common Model 3 complete-case sample separated
adjustment from sample changes (Table 2). In CHARLS, the Model 2 estimate was 1.243 (95% CI 1.161-
1.331) and attenuated to 1.191 (1.107-1.282) after hypertension, diabetes, and heart disease were
added. Corresponding estimates changed from 0.924 to 0.890 in ELSA and from 0.995 to 0.936 in HRS.

The Hartung—Knapp descriptive synthesis was 1.051 (95% CI 0.709-1.560), with 12=89.8% and a 95%
prediction interval of 0.491-2.250. These statistics summarize three heterogeneous cohort estimates
and were not interpreted as a common population effect.
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Table 2

Discrete-time associations between pBFMI and incident stroke across
sequential models restricted to a common Model 3 complete-case sample

Cohort Model n Events HR 95% CI P value
CHARLS Model1 3,201 315 1.241 1.160-1.328 <0.001
CHARLS Model2 3,201 315 1.243 1.161-1.331 <0.001
CHARLS Model3 3,201 315 1.191 1.107-1.282 <0.001
ELSA Model 1T 2,494 205 0.934 0.808-1.078 0.350
ELSA Model 2 2,494 205 0.924 0.800-1.067 0.281
ELSA Model 3 2,494 205 0.890 0.768-1.032 0.124
HRS Model 1 3,509 397 1.000 0.904-1.106 0.999
HRS Model 2 3,509 397 0.995 0.898-1.102 0.918
HRS Model 3 3,509 397 0.936 0.840-1.042 0.224

All three models within a cohort used the identical Model 3 complete-case sample. Hazard ratios are per
1 sex-specific SD higher pBFMI. Model 1: age and sex. Model 2: Model 1 plus education, marital status,
current smoking, and alcohol use. Model 3: Model 2 plus hypertension, diabetes, and heart disease. C|,
confidence interval; HR, hazard ratio.

Mathematical coupling and model comparison

pBFMI was strongly correlated with sex-standardized BMI in CHARLS (r = 0.977), ELSA (r = 0.987), and
HRS (r = 0.988). By construction, it was fully determined by BMI, age, and sex. Exposure variance-
inflation factors in Model 2 were low (1.03-1.05) because BMI was not included simultaneously,
whereas condition indices for pBFMI, BMI, and age ranged from 11.5 to 17.8. These findings confirm
mathematical coupling without indicating unstable estimation in the pBFMI-only model.

pBFMI did not materially improve apparent model performance relative to BMI. The pBFMI model had a
higher discrete-time AIC than the BMI model in CHARLS (difference 10.98) and nearly identical AIC in

ELSA and HRS (differences - 0.17 and - 0.06). Apparent C-index differences were - 0.0028, 0.0006, and
0.0001, respectively. These were within-sample comparisons rather than validated prediction analyses.

Robustness and subgroup analyses

Excluding strokes in the first two years produced Model 2 estimates of 1.244 (95% CI 1.156—1.339) in
CHARLS, 0.898 (0.768-1.049) in ELSA, and 1.000 (0.896—-1.115) in HRS. BMI and waist-to-height ratio
retained the cohort contrast: both were positively associated with stroke in CHARLS but not in ELSA or
HRS. The CHARLS estimate was positive in women, men, participants aged 65—-74 years, and those aged

Page 8/17



75 years or older; corresponding ELSA and HRS estimates generally included the null (Fig. 2; Additional
file 1, Table S7).

Omitting the alcohol-use indicator increased the ELSA sample from 2,494 participants and 205 strokes
to 2,792 participants and 229 strokes, but did not materially change the cohort contrast: the HRs were
1.245 (95% Cl 1.164-1.333) in CHARLS, 0.939 (0.821-1.075) in ELSA, and 0.993 (0.898-1.098) in HRS
(Additional file 1, Table S7).

Model 2 sampling-weighted Cox estimates were 1.290 (95% CI 1.169-1.423) in CHARLS, 0.914 (0.792-
1.053) in ELSA, and 0.991 (0.895-1.098) in HRS. Weighting therefore did not remove the between-cohort
contrast (Additional file 1, Table S8; Additional file 2, Figure S2).

Exploratory competing-risk and time-varying analyses

Exploratory competing-risk analyses in CHARLS and ELSA did not materially alter the cohort-specific
pattern (Additional file 1, Table S10); mortality ascertainment was incomplete in CHARLS and
unavailable for HRS. The pBFMI-specific proportional-hazards test in ELSA was not significant (P =
0.159). Additional time-varying analyses were also compatible with no association: the log-time
interaction P value was 0.105 and the 6-year piecewise interaction P value was 0.128 (Additional file 1,
Table S11; Additional file 2, Figure S1). No late protective association was inferred.

Discussion

pBFMI was positively associated with incident stroke in CHARLS, but no corresponding association was
observed in ELSA or HRS. This contrast persisted after exclusion of early events and sampling-weighted
analysis. The formal cohort interaction remained significant when all Model 2 covariate effects were
allowed to vary by cohort. The wide Hartung—Knapp confidence and prediction intervals further indicate
that the three-cohort synthesis should not be interpreted as an overall effect.

Adding hypertension, diabetes, and heart disease attenuated the CHARLS estimate from 1.243 t0 1.191
in the common-sample analysis. This attenuation is compatible with a role for cardiometabolic
pathways, especially blood pressure [23], although the present analysis was not designed to estimate
mediation and cannot separate pathway effects from confounding or measurement error. The positive
CHARLS association is directionally consistent with large Chinese studies of general and central
adiposity [5, 18, 19], but it does not establish a direct effect of predicted fat mass.

The mathematical diagnostics limit the interpretation of pBFMI as an independent body-composition
measure in older adults. Its correlation with BMI exceeded 0.97 in every cohort and, by construction, it
was fully determined by BMI, age, and sex. pBFMI did not materially improve apparent AIC or C-index
relative to BMI. It should therefore be understood as a transformed anthropometric index rather than a
direct or independently measured fat-mass phenotype. This distinction may help explain why the same
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formula behaved differently across populations with different BMI distributions and BMI-adiposity
relations [9, 24, 25, 32].

The absence of replication may also reflect differences in stroke subtype, survival, diagnosis, treatment,
self-reporting, and selection into anthropometry samples. These issues are especially relevant after age
65, when selective survival, multimorbidity, sarcopenia, and illness-associated weight loss can weaken
the correspondence between anthropometric size and metabolically adverse adiposity [3, 35, 39, 40].
One standardized pBFMI unit also represented a different absolute exposure increment in each cohort.
These alternatives cannot be resolved with the present harmonized variables.

The ELSA time-varying analyses did not provide strong evidence that the pBFMI association changed
over follow-up. Regression dilution from a single baseline measurement, illness-associated weight loss,
selective survival, and competing morbidity nevertheless remain plausible sources of attenuation in
older cohorts [35]. Because pBFMI was not updated and the 6-year cut point was not prespecified in a
protocol, these analyses were treated as hypothesis-generating (Additional files 1-2).

This study used three large longitudinal cohorts of adults aged 65 years or older, excluded prevalent
stroke, and analysed grouped event time directly. Sequential adjustment distinguished the primary
association model from a model containing potential intermediates. Parallel cohort estimation,
mathematical-coupling diagnostics, direct comparison with BMI, sampling weights, early-event
exclusion, competing-risk models, and age-stratified analyses addressed several recurrent concerns in
geriatric epidemiology.

pBFMI was predicted rather than measured by dual-energy X-ray absorptiometry, bioelectrical
impedance, or imaging, and the original equation was not developed as a cross-ethnic clinical risk
marker. Stroke was self-reported and subtype was unavailable consistently; event dates were
approximated by survey wave. Covariates and outcome definitions were harmonized conceptually but
not necessarily measurement-equivalent, particularly for alcohol use. Attrition and survival could bias
longitudinal associations. Primary models used complete cases; although multiple imputation can
reduce bias and loss of precision under appropriate assumptions [28, 29], cohort-equivalent auxiliary
variables were not available for a common imputation strategy. Missingness was appreciable in ELSA,
and included participants differed from excluded participants on several characteristics; common-
sample sequential models address model comparability but not selection bias. Individual sample
weights were available, but full design-based variance estimation was not harmonized. CHARLS
mortality ascertainment was incomplete, and HRS competing-risk analysis could not be performed
without the Tracker or linked mortality file. Multiple testing in subgroup and time-varying analyses
increases the chance of false-positive findings. Finally, residual and unmeasured confounding preclude
causal interpretation.

Among adults aged 65 years or older, the findings do not support a consistent association between
pBFMI and stroke across the three cohorts. They also provide no evidence that pBFMI materially
improves model fit or discrimination relative to BMI. Future cross-population work should validate
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anthropometric equations against direct body-composition measurements and retain information on fat
distribution, muscle mass, and metabolic health [3, 15, 39, 40].

Conclusions

Among adults aged 65 years or older, pBFMI was positively associated with incident stroke in CHARLS
but not in ELSA or HRS. pBFMI was strongly coupled with BMI and did not materially improve apparent
model fit or discrimination. Substantial between-cohort heterogeneity indicates that pBFMI did not
provide a consistent measure of stroke risk across the three cohorts. Its use across older populations
requires validation against direct body-composition measures.
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Figure 1

Cohort-specific Model 2 discrete-time associations between predicted fat mass index and incident stroke.
The Hartung—Knapp estimate is a descriptive synthesis, not a common population effect. Horizontal lines
indicate 95% confidence intervals.
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Figure 2

Sensitivity and subgroup analyses of predicted fat mass index and incident stroke. Points are cohort-
specific adjusted hazard ratios; horizontal lines are 95% confidence intervals.
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