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Abstract
Background

Variability in vascular risk factor (VRF) levels in adulthood has been associated with higher dementia
risk. Whether VRF variability from childhood influences midlife cognitive function (CF) is unclear. We
aimed to evaluate the association of long-term VRF variability from childhood with midlife CF,
independent of mean levels.

Methods

In this cohort study, participants in the Bogalusa Heart Study with = 3 VRF (systolic blood pressure [SBP],
fasting glucose, non-high-density lipoprotein cholesterol [non-HDL], and body mass index [BMI])
measurements from childhood and midlife CF assessment were included. VRF variability was measured
using indices reflecting variability around the mean (SD, coefficient of variation [CV]) and around the age-
adjusted slope (deviation from age-predicted values [DEV], residual SD [RSD]). CF was assessed using a
global cognitive score (GCS) averaging eight standardized neuropsychological tests, and three cognitive
domain performances. Associations between tertiles of VRF variability and CF were evaluated using
multivariable linear regression with the lowest tertile as reference.

Results

Among 1,010 participants (mean age 48 years, 61% women, 34% Black, mean follow-up 39 years), being
in highest tertiles of SBP and glucose variability were associated with poorer GCS (SBP by DEV: B =
-0.10,95% Cl =-0.17,-0.02; glucose by CV: B =-0.12,95% Cl = -0.20, -0.04), after adjusting for covariates.
Being in middle and highest tertiles of SBP variability (by DEV) and glucose variability (by SD, CV) were
associated with poorer episodic memory and executive function, with effect sizes increasing across
higher degrees of variability. Association between non-HDL variability and CF was non-linear: only being
in the middle tertile was associated with poorer executive function (by CV, B =-0.12,95% Cl = -0.23,
-0.01). Association between BMI variability and CF was bidirectional across degrees of variability: being
in the middle tertile of variability was associated with better GCS (by CV, B =0.09, 95% Cl =0.02, 0.16);
whereas being in the highest tertile (by DEV) was associated with poorer executive function, although
attenuated after adjusting for APOE €4 status.

Conclusions

VRF variability from early life is a potential target for lowering risk of late-life cognitive dysfunction.

Background
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Midlife marks a period when individuals begin to show increasingly diverse cognitive trajectories.(1, 2)
Because aging contributes to a wide range ofhealth outcomes including dementia, understanding midlife
cognitive function (CF) can help distinguish age- related cognitive changes and pathological cognitive
aging.(1) Understanding how heterogeneity of cognitive function (CF) in midlife is associated with risk
factors of dementia may offer insight into pathways of cognitive aging.(1, 2)

The pathologic changes of dementia may begin many years before symptoms appear.(3)The
WHO/Lancet Commission has recommended the implementation of a life course approach to prevent
vascular cognitive impairment and dementia.(3) Because nearly half of dementia cases are associated
with modifiable risk factors, therefore targeting modifiable risk factors such as vascular risk factors
(VRFs) is a promising approach for lowering dementia case burden.(3) How long-term exposure to
vascular risk factors (VRFs) from childhood can influence late life cognitive trajectories is explained by
the “two-hit” vascular hypothesis.(4) Exposure to high levels of VRFs such as systolic blood pressure
(SBP), glucose, lipids, and body mass index (BMI) from childhood can result in atherosclerosis and
ischemia, leading to endothelial dysfunction of the blood brain barrier (BBB) (first hit) and subsequent
brain amyloid beta and tau accumulation (second hit) as early as midlife.(4)

Levels of VRF change over time as physiologic regulatory mechanisms attempt to maintain homeostasis
while responding to behavioral and environmental stressors. (5, 6) When this balance is disrupted,
greater variability in VRFs may represent impaired homeostasis.(5, 6)

Importantly, relying solely on the mean levels of VRFs may overlook important information relevant to
health risk, since VRF levels are not constant but fluctuate over the life course.(6) Even when average
VRF levels fall within recommended ranges, individuals may still experience residual risk for
cardiovascular disease, stroke, and mortality.(6) Evidence from adult populations indicates that greater
variability in VRFs carries prognostic value for cardiovascular events, stroke, mortality, and dementia,
independent of mean levels of VRFs.(7, 8) However, the extent to which long-term VRF variability from
childhood shapes cognitive function (CF) in midlife is unclear.

The Bogalusa Heart Study(BHS) provides a unique opportunity to examine the association of long-term
VRF variability from childhood on midlife CF, since it has prospectively collected repeated VRF measures
from childhood.(9) Variability indices that account for nonlinear changes in VRF levels throughout
childhood have been developed using the BHS data.(9, 10)Understanding how disruptions in VRF
homeostasis from childhood across the life course influence midlife CF would contribute to prevention
of late life cognitive dysfunction.(1) This study aimed to evaluate the association of long-term VRF
variability from childhood on midlife CF using BHS data with the hypothesis that higher VRF variability
from childhood is associated with poorer CF in midlife.

Methods
Study population and design
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The BHS is a community based, longitudinal cohort study of VRFs from childhood to midlife that began
in 1973 and continues to the present.(11) Between 1973 and 2016, the BHS conducted nine cross-
sectional surveys of children aged 4-17 years, and those who were examined in childhood later
participated in eleven cross-sectional surveys as adults. During the 2013-2016 examination cycle, 1,298
participants completed cognitive assessment. For the present longitudinal analysis, eligibility criteria
included having at least three VRF measurements from childhood to midlife, a complete
neuropsychological (NP) test battery at midlife, and complete covariates. After applying these criteria,
the analytic sample consisted of 1,010 participants.

General examination and laboratory analysis

Since 1973, standardized protocols have been employed by trained examiners across all study visits and
procedures.(11) Participants were instructed to fast before examination for 12 to 14 hours.(12)
Participants’ BP was measured on the right arm when relaxed and sitting by two trained examiners (each
examiner obtained three replicates). The six BP measurements was averaged for analysis.(11) Glucose
and cholesterol levels were determined from blood samples according to standardized protocols.(11)
Non-HDL was calculated as total cholesterol minus HDL.(13) At each physical exam, height and weight
were measured to the 0.1 cm and 0.1 kg in duplicate, and the duplicate measures were averaged for
analysis.(11) Body mass index (BMI) was obtained as weight in kilograms divided by height in meters
squared.

Exposure: VRF variability

The main exposure was long-term variability in SBP, glucose, non-HDL, and BMI from childhood,
assessed using four indices: SD, coefficient of variation (CV), deviation from age-predicted values (DEV),
and residual standard deviation (RSD). Different types of variability indices were used, since no
consensus exists for a gold standard approach to measuring VRF variability and different types of
indices capture distinct aspects of variability.(7) SD and CV measure variability around the mean, while
DEV and RSD capture variability around age-predicted slopes, accounting for nonlinear VRF trends.(7, 9)
Age-predicted slopes of repeated measures of VRFs for each individual were estimated with linear mixed
effect models (PROC MIXED, SAS, version 9.4) including random effects for race and sex, with age as the
time scale. This approach allows for unequally spaced VRF measurements and nonlinear VRF change
over time.(9, 10, 14) Final models included the following fixed effects; SBP (age, age?, age® ), glucose
and non-HDL(age and age? ), and BMI (log(age)). For SBP, BMI, and non-HDL, random intercept and age
were included as random effects. For glucose, only random intercept was added as random effects to
achieve parsimony, as adding age did not improve model fit. BMI and non-HDL measures were log-
transformed to address heteroscedasticity. Details on growth curve modeling and calculation of
variability indices are provided in the supplemental methods. Each variability index was categorized into
tertiles, with lowest, middle, and highest tertiles representing lowest, middle, and highest variability.
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Cognitive outcomes

CF was examined using the global cognitive score (GCS). The GCS, calculated by averaging standardized
NP test scores into a single composite score, facilitates comparisons across studies.(15) The GCS was
derived from eight standardized NP tests administered in the 2013-2016 examination by trained
examiners.(16) In addition to the GCS, three cognitive domains were assessed following NIH toolbox
guidelines, categorized to reflect the brain’s overall function, and to achieve brevity in cognitive
assessment(17, 18): 1) executive function, using Trail- Making Test part B, and Digit Symbol Coding
(WAIS-1V); 2) episodic memory, using Logical Memory |, Logical Memory I, (Wechsler Adult Intelligence
Scale IV (WAIS-1V))(19) and Delayed Recognition (Wechsler memory scale-1V)(20); 3) attention and
processing speed, using Digit Span Task Forwards (WAIS-1V) and Digit Span Task Backwards (WAIS-1V)
and Trail-Making Test part A. Higher scores indicated better cognitive performance except for the Trail-
Making Tests, which were reversed by subtracting each raw value from the maximum test score. Since
cultural constructs may shape NP test performance and to address demographic differences in score
distributions,, all NP test scores were standardized by age, race and sex to z-scores.(21) Age was
standardized in 1-year increments. The final GCS was calculated by averaging the eight standardized NP
test scores. Cognitive domain scores were computed by averaging standardized NP test scores within
each domain.

Covariates

Covariates were chosen based on their correlations with VRF variability or CF and were measured at the
time of cognitive assessment.(9) Age, sex, and race were not included as covariates since NP test
scores used to calculate the GCS were standardized by these variables.(16) Demographic and lifestyle
information (age, race, sex, smoking status, educational level, employment status, and medication use)
was obtained using validated questionnaires.(11) Cardiometabolic covariates were defined as:
hypertension (SBP = 130 mmHg or DBP = 80 mmHg, or antihypertensive medication use), T2DM (fasting
glucose = 126 mg/dL or diabetes medication use), dyslipidemia (non-high-density lipoprotein cholesterol
[non-HDL)] = 130 mg/dL or lipid-lowering medication use), and obesity (BMI = 30 kg/m?).(22) Non-HDL
represents all atherogenic lipoproteins, calculated as total cholesterol minus HDL, and compared to LDL,
is reported to be a better risk predictor of atherosclerotic cardiovascular events in individuals < 45 years.
(23) The life's Essential 8 has updated its lipid metric of interest to non-HDL since it can be reliably
measured in the non-fasting state unlike traditional measures such as LDL.(24) Smoking status was
categorized as current, former, or never. Life course mean VRF values were calculated as the average of
repeated VRF measures and were entered as covariates to assess the independent effect of VRF
variability on CF, since variability may increase as the mean values increase with age.(25) Employment
status was classified as currently employed/not employed. Depressive symptoms were evaluated using
the 10-item scale of Center for Epidemiologic Studies Depression (range 0—30, higher scores indicating
greater depressed mood), with scores > 10 representing depressed symptoms (sensitivity, 91.9;
specificity, 92.8), and was dichotomized.(26) APOE €4 carrier status was coded as a binary variable (0 =
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no €4 allele, 1 =>1 €4 allele). APOE €4 status was inferred from two single nucleotide polymorphisms
(SNPs), rs 429358 and rs7412, which were imputed using a reference panel. (The “rs” followed by a
number is a unique identifier used to track and cross-reference SNPs.)(27, 28)Both genotyped and
imputed methods for the two SNPs have been reported to be highly correlated (Cohen’s kappa fo rs
429358 and rs7412,0.94 and 0.93).(29)

Achieved education parameter

The quality of a person’s educational experience may not be fully reflected by the number of years of
school education they completed.(21) Social determinants of health including race, income, and
geographycan influence the quality of education, which is reflected in a person’s reading level. (21) In
this study, since the reading level of a person strongly impacts NP test performance, an achieved
education parameter was included as a covariate to better represent lifetime educational attainment.(21)
This parameter was computed by averaging age-race-and sex-standardized scores from the word and
letter reading tests (Wide Range Achievement Test 4 (WRAT-4)) and the vocabulary (WAIS-IV vocabulary
subtest) test. (16, 21)

Statistical analysis

Analyses were restricted to participants with complete data.. Participant characteristics were
summarized using mean and SD or n (%). Differences in baseline characteristics by race and sex were
evaluated using analysis of covariance with Tukey’'s HSDfor pairwise comparisons, and categorical
variables were compared using Pearson’s Chi-square test. Correlations among VRF variability indices
were examined.(9)

Regression analyses were conducted with the GCS and each cognitive domain as separate outcomes.
Each VRF variability measured by SD, CV, DEV, and RSD was entered into multivariable linear regression
models as a categorical variable (tertiles), with lowest tertile of variability as reference. Previous studies
have also categorized VRF variability into tertiles for easy interpretability.(30, 31)Furthermore, tertiles
adequately represented the distribution of VRF variability in this study. Initially, models were unadjusted.
For SBP variability, model 1 was adjusted for smoking, T2DM, obesity, dyslipidemia, and follow-up
duration; model 2 additionally adjusted for life course mean SBP; model 3 further adjusted for achieved
education parameter, employment, and depressive symptoms (SES); model 4 further adjusted for APOE
€4 status. For glucose variability, non-HDL variability, and BMI variability, the same models were applied
as above, except model 1 adjusted for hypertension instead of T2DM/dyslipidemia/obesity, and model 2
adjusted for corresponding life-course mean VRF levels instead of SBP.

A two tailed p < 0.05 was considered significant. All statistical analysis was conducted by using SAS and
R version 4.4.1. For brevity, only model 4 beta coefficients and 95% confidence intervals are reported in
the Results section.
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Sensitivity analyses by medication use were conducted separately for each VRF variability to examine
potential residual risk of cognitive outcomes under clinical threshold levels of VRFs. Participants on
medications that lowered the corresponding VRF levels were excluded. The same statistical approach as
the main analysis was applied, using GCS as the outcome. For BMI variability, sensitivity analyses were
performed by excluding antihypertensive, diabetes, and lipid-lowering medications one at a time.
Because BMI variability can influence variability in other VRFs, and BP, glucose, and lipid levels typically
fall during weight loss and rise during weight gain according to the repeated overshoot theory, these
medications may affect the association between BMI variability and cognition.(32)

Results

Demographic and clinical characteristics

A total of 1,010 participants were included (Table 1). Mean age at cognitive assessment was 48 years
(SD 5), mean follow-up was 39 years (SD 3), 61% were women, and 34% identified as Black. Participants
completed a median of nine life-course visits (range 4-17). Mean life-course SBP, glucose, non-HDL, and
BMI levels were 110 mmHg, 89 mg/dL, 119 mg/dL, and 24 kg/m?. Educational attainment, employment,
and depressive symptoms differed by race and sex (all p <0.05). Participants excluded for missing APOE
€4 status were similar to those included (Figure 1, eTable 1).

Since NP test scores were standardized by age, race, and sex, GCS and cognitive domain scores had a
mean of 0 (eTable 2). Distribution of GCS across tertiles of vascular risk factor variability in
representative variability indices is shown in Figure 2.

In representative variability indices shown in Figure 2, individuals in the top tertile of SBP by DEV, glucose
by CV, and BMI variability by RSD had, on average, lower GCS than those in the bottom tertile (p <0.05).
No differences in GCS were observed across tertiles of non-HDL variability by CV. Other variability
indices showed similar patterns for SBP, glucose, and non-HDL; for BMI, other indices showed no
difference in GCS across tertiles (data not shown).

Midlife VRF levels by variability tertiles are shown in Figure 3.

Individuals in the top tertile of VRF variability had, on average, higher midlife VRF levels than those in the
middle and bottom tertiles, except for non-HDL variability. Patterns of midlife non-HDL levels differed by
variability index. When non-HDL variability was measured by DEV or RSD, individuals in the middle tertile
had higher midlife non-HDL levels than those in the top tertile (by DEV, p = 0.013; by RSD, p = 0.011). BMI
and non-HDL variability showed modest correlations with SBP and glucose variability (eTable 3).

VRF variability and GCS

After adjusting for smoking, other VRFs, follow-up duration (model 1), life course mean SBP or glucose
levels (model 2), SES (model 3), and APOE €4 status (model 4), compared with the lowest tertile, being in
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the highest tertile of SBP and glucose variability was associated with poorer GCS (SBP by DEV: B =-0.10,
95% Cl =-0.17,-0.02; glucose by SD: B =-0.11,95% Cl =-0.19, -0.03; glucose by CV: B =-0.12,95% Cl =
-0.20, -0.04) (Table 2). BMI variability showed bidirectional associations with GCS by degree of variability.
Being in the middle tertile of BMI variability was associated with better GCS (model 4)(by SD: B = 0.1,
95% Cl = 0.03,0.17; by CV: B = 0.09, 95% Cl = 0.02, 0.16). In contrast, being in the highest tertile of BMI
variability by DEV and RSD was associated with poorer GCS, but was attenuated after adjusting for life
course mean BMI (model 2). No associations between non-HDL variability and GCS were observed.

VRF variability and cognitive domains

Compared with the lowest tertile, being in middle and highest tertiles of SBP variability (by DEV) and
glucose variability (by SD, CV) were associated with poorer episodic memory and executive function,
showing a graded pattern in which effect sizes increased with higher degrees of variability (model 4;
Table 3-5). BMI variability again showed bidirectional associations with cognitive domain performances
by degree of variability. Being in the middle tertile of BMI variability was associated with better executive
function (by SD) and attention and processing speed (by SD, CV, DEV)(model 4). In contrast, being in the
highest tertile of BMI variability was associated with poorer executive function (by DEV, RSD), although
these associations were attenuated after adjusting for SES (model 3, by RSD) or APOE €4 (model 4, by
DEV). For non-HDL, only being in the middle tertile of variability (by CV) was associated with poorer
executive function (model 4); being in the highest tertile was not associated with cognitive domain
performances.

When variability indices were considered, all four indices captured the associations between being in the
highest tertile of SBP and glucose variability and midlife CF (eTable 4). For BMI, only DEV and RSD
captured associations between being in the highest tertile of variability and midlife CF. For non-HDL, only
CV captured the association between being in the middle tertile of variability and midlife CF.

Sensitivity analysis by medication use

Excluding participants on medication produced similar results: higher SBP and glucose variability
remained associated with poorer GCS, and higher BMI variability with better GCS. Non-HDL variability
remained unassociated with GCS (data not shown).

Discussion

In this community-based cohort, long-term variability in SBP, glucose, non-HDL, and BMI from childhood
was associated with midlife cognitive function, independent of mean levels and relevant covariates. As
hypothesized, higher SBP and glucose variability were consistently linked to poorer global cognition and
to poorer episodic memory and executive function, with progressively larger effect sizes with increasing
degrees of variability. Association between BMI variability and midlife cognitive function showed a
bidirectional pattern: having moderate variability was associated with better cognitive function, whereas
having highest variability was associated with poorer cognitive function, suggesting a potential BMI
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threshold. Association between non-HDL variability and midlife cognitive function was non-linear: only
moderate variability was associated with poorer executive function. Sensitivity analyses excluding
participants on vascular risk factor-lowering medications yielded similar results, supporting the
robustness of these findings.

Our study extends the exposure window beyond previous studies on long-term VRF variability by
evaluating VRF variability from childhood through midlife. Our findings are consistent with those of the
CARDIA study, where greater variability in BP and glucose from young adulthood was linked to poorer
midlife CF.(33, 34) Our study also examines BMI and non-HDL variability from childhood in relation to
midlife CF. Prior studies of BMI and lipid variability and cognition have largely involved older adults.
Although variability in other lipid fractions and cognition have been examined in older adults, few studies
have focused on non-HDL variability from childhood, which may offer a more comprehensive insight into
the link between lipid variability and cognition. In nondemented participants > 70 years in Alzheimer’s
Disease Centers, higher BMI variability was associated with faster cognitive decline over five years.(35)
In the Aspirin in Reducing Events in the Elderly (ASPREE) trial, greater variability in total and low-density
lipoprotein cholesterol in adults > 70 years predicted increased risk of dementia and cognitive decline
over five years. (36) Cognitive trajectories may start to diverge as early as the fourth decade.(2)Although
our study assessed cognition onlyonce in midlife, evaluating risk factors that may shape midlife
cognition such as VRF variability from childhood may help identify when adverse influences first emerge
and define the optimal window for intervention in cognitive disorders.(1)

A steady supply of oxygen and nutrients is essential for brain health.(37) Common mechanisms through
which long-term VRF variability from childhood may affect midlife CF include oxidative stress and
inflammation.(4) Increased SBP variability can promote brain vascular injury via shear stress and
recurrent hypoperfusion, contributing to hippocampal and white matter ischemia and repeated vascular
remodeling.(37) The resulting neuronal loss may further impair autonomic regulation, reinforcing SBP
variability.(37) Glucose variability can trigger recurrent hyper- and hypoglycemic episodes that disrupt
cerebral blood flow and contribute to vascular and gray matter injury.(38) Glucose variability may also
impair insulin signaling at the BBB and promote central insulin resistance.(39) Mechanisms linking non-
HDL variability to cognition are less clear. Non-HDL variability could be an epiphenomenon reflecting the
severity of other VRFs and underlying disturbances in homeostasis.(36) Alternatively, non-HDL variability
may contribute to atherosclerotic plaque instability, potentially increasing risk of cerebrovascular events.
(31)

BMI variability (weight cycling) may influence cognition through the following pathways.(8) The visceral
fat repartition hypothesis proposes that weight cycling redistributes body fat preferentially to the
abdominal region; with loss of thigh fat and muscle during weight-loss and preferential central fat gain
during weight regain. Visceral fat is metabolically active and may contribute to adverse lipid profiles,
insulin resistance, and impaired insulin transport across the BBB.(8, 40, 41) Fluctuations in adipocyte -
derived neuroprotective hormones such as leptin may also affect CF.(42) The “repeated overshoot”
hypothesis proposes that BMI variability may induce variability in other VRFs, with BP, glucose, and lipid
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levels falling during weight loss and rising during weight gain, resulting in repeated metabolic stress that
cumulatively affects brain health.(32)

In our study, a non-linear association was observed between non-HDL variability and midlife CF.
Compared with the lowest tertile, being in the middle tertile of non-HDL variability measured by CV was
associated with poorer executive function, whereas being in the top tertile showed no association.
Individuals in the top tertile of non-HDL variability by CV also had the highest non-HDL levels at midlife.
Our findings suggest a threshold saturation effect; when non-HDL levels increase over the life course and
reach a threshold, additional variability may no longer influence cognition. A threshold effect between
non-HDL and cognition has been reported in older adults, underscoring the complexity of this
relationship. In middle aged and older adults in the China Health and Retirement Longitudinal Study
(CHARLS), increasing non-HDL was initially associated with lower cognitive risk, but beyond an inflection
point, risk increased with higher non-HDL levels.(43) Elevated midlife non-HDL levels among individuals
in the top tertile of variability in our study may reflect cumulative exposure to increased non-HDL
variability from early life.(44) Monitoring non-HDL variability as well as mean non-HDL levels from early
life may help detect residual cognitive risk before dyslipidemia becomes clinically apparent.

The bidirectional association between BMI variability from childhood and midlife CF suggests a potential
threshold effect. In our study, individuals in the middle tertile of BMI variability by SD or CV had lower
midlife BMI than those in the top tertile, whose average BMI exceeded 35 kg/m? at midlife. Moderate
BMI variability may be protective, whereas once BMI reaches a higher level, additional variability may
become harmful. Although nonlinear associations between BMI and cognition have been reported in
adults, the BMI inflection point at which risk shifts from protective to detrimental from early life remains
poorly defined. Only one study has reported a BMI inflection point of 23 kg/m? in midlife adults with high
cardiovascular risk.(45) Several factors may explain the apparent benefit of moderate BMI variability
from childhood on midlife CF. Because BMI reflects muscle mass as well as adiposity, moderate BMI
variability may also represent increases in muscle mass.(46) In a population with a high VRF burden
such as the BHS, moderate BMI variability may also reflect intentional weight loss from healthy lifestyle
behaviors. According to the repeated overshoot theory, BMI variability can influence variability in other
VRFs.(32) Individuals in the middle tertile of BMI variability may be engaging in healthy lifestyle
behaviors to lose weight, which may also lower SBP and reduce SBP variability, supporting better midlife
CF. Conversely, in our study, being in the highest tertile of BMI variability was associated with poorer
midlife CF compared with the lowest tertile, although these associations were attenuated after adjusting
for life course mean BMI, SES, and APOE €4 status, suggesting that part of the BMI threshold effect may
reflect these factors. Individuals in the highest tertile of BMI variability may also have a greater VRF
burden, and APOE €4 may act synergistically with VRFs to adversely impact cognition, potentially
masking the independent contribution of BMI variability.(47)

Different variability indices may be more informative depending on context, as they capture distinct
aspects of variability.(7) Associations between being in the highest tertile of BMI variability from
childhood and midlife CF was captured only when variability was measured by DEV or RSD, suggesting
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these indices may be more reliable than SD or CV at higher BMI levels. Because DEV and RSD measure
variability around the age-adjusted mean, they are less influenced by extreme VRF levels across the life
course than SD or CV.(48) Conversely, if a threshold non-HDL level exists above which variability no
longer influences CF, CV may be the most appropriate index for detecting associations at lower non-HDL
levels. In our study, only CV captured the association between being in the middle tertile of non-HDL
variability and poorer midlife executive function compared with the lowest tertile, likely because CV
partially adjusts for mean non-HDL across the life course. Individuals in the middle tertile of non-HDL
variability had the lowest midlife non-HDL levels when variability was measured using CV, enabling
detection of associations independent of mean levels.(5) Notably, midlife non-HDL was lowest in
individuals in the top tertile of non-HDL variability when variability was measured using DEV and RSD, a
pattern that may reflect reductions in non-HDL across the life course through healthy lifestyle behaviors.

VRFs are known to be intercorrelated, and share mechanisms such as atherosclerosis, chronic
inflammation and oxidative stress, contributing to adverse health outcomes.(49) In this study, all four
VRF variability were positively correlated with one another. Our findings suggest high variability in = one
VRF from childhood often coexist and could synergistically influence midlife CF over the life course
(eFigure 1). As explained by the repeated overshoot theory and visceral fat repartition theory, BMI
variability together with non-HDL variability may influence SBP variability and glucose variability over the
life course, which are more downstream processes. (32) The resulting higher long-term SBP and glucose
variability over the life course in response to increased long-term BMI and non-HDL variability from
childhood could directly contribute to poorer midlife CF.

Strengths of this study include the longitudinal examination of four VRF variability from childhood
throughout the life course using different types of variability indices, which effectively captured the non-
linear associations between BMI and non-HDL variability and midlife CF. Our study has several
limitations. First, CF was measured once in midlife, therefore subsequent worsening of cognition could
not be assessed, potentially biasing results toward the null. Second, other adiposity measures such as
weight circumference were not evaluated.(46) Third, the directionality of VRF variability was not
accounted for in our study. Fourth, as an observational study, causal inference is not possible. Fifth,
measurement error or lack of data on physical activity, childhood diet, or medication adherence may
have resulted in residual confounding. Sixth, the BHS participants are at a relatively young age and from
a single geographic location, which may limit generalizability.

Conclusions

In conclusion, higher long-term SBP and glucose variability from childhood were associated with poorer
midlife cognitive function. Long-term BMI and non-HDL variability from childhood may contribute to
higher SBP and glucose variability over the life course and may synergistically influence midlife cognitive
function. Targeting vascular risk factor variability from early life may help prevent late-life cognitive
dysfunction.
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BHS

BMI

CF

Ccv

DEV

GCS
Non-HDL
NP

RSD

SD

VRF

Bogalusa Heart Study

body mass index

cognitive function

coefficient of variation

deviation from age-predicted values
global cognitive score

Non-high density lipoprotein
neuropsychological

residual standard deviation
Standard deviation

Vascular risk factor

Declarations

Ethics Approval and consent to participate

All participants provided written informed consent (or parental consent) at each examination, and study
protocols were approved by the Institutional Review Board of the Tulane University Health Sciences
Center. All procedures were performed in accordance with relevant guidelines and regulations, including

the Declaration of Helsinki.
Consent for publication
Not applicable.

Availability of data and materials

Data from the Bogalusa Heart Study used in this analysis are not publicly available due to institutional
data-use agreements. De-identified data may be made available from the corresponding author (SJK,
skang4@tulane.edu) upon reasonable request and approval from the Bogalusa Heart Study Steering

Committee.

Competing interests

The authors declare that they have no competing interests.

Page 12/21




Funding

This work was supported by an American Heart Association Predoctoral Fellowship (DOI:
https://doi.org/10.58275/AHA.24PRE1022654.pc.gr.190680) and by the National Institutes of Health
grant ROTAG041200. The funders had no role in the design, analysis, interpretation, or writing of this
manuscript. The findings do not necessarily reflect the views of the American Heart Association or the
NIH.

Authors’ Contributions

SJK drafted and revised the manuscript, conceptualized the study design, and analyzed and interpreted
the data. JG contributed to study design conceptualization and drafted/revised manuscript content. WT
contributed to study design conceptualization and drafted/revised manuscript content. PHH contributed
to study design conceptualization and drafted/revised manuscript content. OTC contributed to study
design conceptualization, drafted/revised manuscript content, and had a major role in data acquisition.
ID contributed to drafting and revising manuscript content. LB contributed to study design
conceptualization, drafted/revised manuscript content, interpreted the data, and had a major role in data
acquisition.

All authors read and approved the final manuscript.
Acknowledgements

The authors thank the Bogalusa Heart Study participants, staff, and personnel for their longstanding
contributions to this research.

References

1. Novotny JS, Gonzalez-Rivas JP, Medina-Inojosa JR, Lopez-Jimenez F, Geda YE, Stokin GB.
Investigating cognition in midlife. Alzheimers Dement (N Y). 2021;7(1):e12234.

2. Yang YC, Walsh CE, Shartle K, Stebbins RC, Aiello AE, Belsky DW, et al. An Early and Unequal Decline:
Life Course Trajectories of Cognitive Aging in the United States. J Aging Health. 2024;36(3-4):230-
45.

3. Livingston G, Huntley J, Liu KY, Costafreda SG, Selbak G, Alladi S, et al. Dementia prevention,

intervention, and care: 2024 report of the Lancet standing Commission. Lancet.
2024;404(10452):572-628.

4. Nelson AR, Sweeney MD, Sagare AP, Zlokovic BV. Neurovascular dysfunction and neurodegeneration
in dementia and Alzheimer's disease. Biochim Biophys Acta. 2016;1862(5):887-900.

5. Parati G, Bilo G, Kollias A, Pengo M, Ochoa JE, Castiglioni P, et al. Blood pressure variability:
methodological aspects, clinical relevance and practical indications for management - a European
Society of Hypertension position papersx. J Hypertens. 2023;41(4):527-44.

Page 13/21



10.

11.

12.

13.

14.

15.

16.

17.

18.

19

. Barnett MP, Bangalore S. Cardiovascular Risk Factors: It's Time to Focus on Variability! J Lipid

Atheroscler. 2020;9(2):255-67.

. MaY, Tully PJ, Hofman A, Tzourio C. Blood Pressure Variability and Dementia: A State-of-the-Art

Review. Am J Hypertens. 2020;33(12):1059-66.

. Lee SH, Kim MK, Rhee EJ. Effects of Cardiovascular Risk Factor Variability on Health Outcomes.

Endocrinol Metab (Seoul). 2020;35(2):217-26.

. Du T, Fernandez C, Barshop R, Fonseca V, Chen W, Bazzano LA. Variabilities in Childhood

Cardiovascular Risk Factors and Incident Diabetes in Adulthood: The Bogalusa Heart Study.
Diabetes Care. 2019;42(9):1816-23.

Chen W, Srinivasan SR, Yao L, Li S, Dasmahapatra P, Fernandez C, et al. Low Birth Weight Is
Associated With Higher Blood Pressure Variability From Childhood to Young Adulthood: The
Bogalusa Heart Study. Am J Epidemiol. 2012;176(suppl7):S99-105.

Berenson GS. Bogalusa Heart Study: A Long-Term Community Study of a Rural Biracial
(Black/White) Population. Am J Med Sci. 2001;322(5):267-74.

Sun D, Li S, Zhang X, Fernandez C, Chen W, Srinivasan SR, et al. Uric acid is associated with

metabolic syndrome in children and adults in a community: the Bogalusa Heart Study. PLoS ONE.
2014;9(10):89696.

Virani SS. Non-HDL cholesterol as a metric of good quality of care: opportunities and challenges.
Tex Heart Inst J. 2011;38(2):160-2.

Cook NR, Rosner BA, Chen W, Srinivasan SR, Berenson GS. Using the area under the curve to reduce
measurement error in predicting young adult blood pressure from childhood measures. Stat Med.
2004;23(22):3421-35.

Kaffashian S, Dugravot A, Elbaz A, Shipley MJ, Sabia S, Kivimaki M, et al. Predicting cognitive
decline: a dementia risk score vs. the Framingham vascular risk scores. Neurology.
2013;80(14):1300-6.

De Anda-Duran |, Alonso CF, Libon DJ, Carmichael OT, Kolachalama VB, Suglia SF, et al. Carotid
Intima-Media Thickness and Midlife Cognitive Function: Impact of Race and Social Disparities in the
Bogalusa Heart Study. Neurology. 2022;98(18):e1828-36.

Harvey PD. Domains of cognition and their assessment. Dialogues Clin Neurosci. 2019;21(3):227-
37.

Gershon RC, Wagster MV, Hendrie HC, Fox NA, Cook KF, Nowinski CJ. NIH Toolbox for Assessment
of Neurological and Behavioral Function. Neurology. 2013;80(11supplement3):S2-6.

. Wechsler D. Wechsler Adult Intelligence Scale. 4th ed. San Antonio, TX: Pearson; 2008.
20.
21.

Wechsler D. Wechsler Memory Scale. 4th ed. San Antonio, TX: Pearson; 2009.

Manly JJ, Jacobs DM, Touradji P, Small SA, Stern Y. Reading level attenuates differences in
neuropsychological test performance between African American and White elders. J Int
Neuropsychol Soc. 2002;8(3):341-8.

Page 14/21



22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Whelton PK, Carey RM, Aronow WS, Casey DE Jr., Collins KJ, Dennison Himmelfarb C,
ACC/AHA/AAPA/ABC/ACPM/AGS/APhA/ASH et al. /ASPC/NMA/PCNA Guideline for the
Prevention, Detection, Evaluation, and Management of High Blood Pressure in Adults: Executive
Summary: A Report of the American College of Cardiology/American Heart Association Task Force
on Clinical Practice Guidelines. Hypertension. 2018;71(6):1269 — 324.

Raja V, Aguiar C, Alsayed N, Chibber YS, EIBadawi H, Ezhov M, et al. Non-HDL-cholesterol in
dyslipidemia: Review of the state-of-the-art literature and outlook. Atherosclerosis.
2023;383:117312.

Lloyd-Jones DM, Allen NB, Anderson CAM, Black T, Brewer LC, Foraker RE, et al. Life’s Essential 8:
Updating and Enhancing the American Heart Association’s Construct of Cardiovascular Health: A
Presidential Advisory From the American Heart Association. Circulation. 2022;146(5):e18-43.

Dhana A, DeCarli CS, Dhana K, Desai P, Evans DA, Rajan KB. Blood Pressure Variability and Cognition
in Black and White Older Adults Over 18 Years of Follow-up. Neurology. 2025;104(1):e210151.

Fu H, Si L, Guo R. What Is the Optimal Cut-Off Point of the 10-Item Center for Epidemiologic Studies
Depression Scale for Screening Depression Among Chinese Individuals Aged 45 and Over? An
Exploration Using Latent Profile Analysis. Front Psychiatry. 2022;13:820777.

Poo DC, Cai S, Mah JT. UASIS: Universal Automatic SNP Identification System. BMC Genomics.
2011;12(Suppl 3):S9.

National Center for Biotechnology Information. RefSNPs (rs) Defined: NCBI Bookshelf; 2005
[updated February 2014. Available from:
https://www.ncbi.nlm.nih.gov/books/NBK573500/#Cnt_Clustered_RefSNP.what_is_a_reference

Radmanesh F, Devan WJ, Anderson CD, Rosand J, Falcone GJ. Accuracy of imputation to infer
unobserved APOE epsilon alleles in genome-wide genotyping data. Eur J Hum Genet.
2014;22(10):1239-42.

Li TC, Yang CP, Tseng ST, Li ClI, Liu CS, Lin WY, et al. Visit-to-Visit Variations in Fasting Plasma
Glucose and HbA(1c) Associated With an Increased Risk of Alzheimer Disease: Taiwan Diabetes
Study. Diabetes Care. 2017;40(9):1210-7.

Smit RA, Trompet S, Sabayan B, le Cessie S, van der Grond J, van Buchem MA, et al. Higher Visit-to-
Visit Low-Density Lipoprotein Cholesterol Variability Is Associated With Lower Cognitive
Performance, Lower Cerebral Blood Flow, and Greater White Matter Hyperintensity Load in Older
Subjects. Circulation. 2016;134(3):212-21.

Montani J-P, Schutz Y, Dulloo AG. Dieting and weight cycling as risk factors for cardiometabolic
diseases: who is really at risk? Obes Rev. 2015;16(S1):7-18.

Bancks MP, Carnethon MR, Jacobs DR Jr., Launer LJ, Reis JP, Schreiner PJ, et al. Fasting Glucose
Variability in Young Adulthood and Cognitive Function in Middle Age: The Coronary Artery Risk
Development in Young Adults (CARDIA) Study. Diabetes Care. 2018;41(12):2579-85.

Yano Y, Ning H, Allen N, Reis JP, Launer LJ, Liu K, et al. Long-term blood pressure variability
throughout young adulthood and cognitive function in midlife: the Coronary Artery Risk Development

Page 15/21



35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

in Young Adults (CARDIA) study. Hypertension. 2014;64(5):983-8.

Beeri MS, Tirosh A, Lin H-M, Golan S, Boccara E, Sano M, et al. Stability in BMI over time is
associated with a better cognitive trajectory in older adults. Alzheimer's Dement. 2022;18(11):2131-
9.

Zhou Z, Moran C, Murray AM, Zoungas S, Magnussen C, Chong TT, et al. Association of Year-to-Year
Lipid Variability With Risk of Cognitive Decline and Dementia in Community-Dwelling Older Adults.
Neurology. 2025;104(4):e210247.

Lattanzi S, Vernieri F, Silvestrini M. Blood pressure variability and neurocognitive functioning. J Clin
Hypertens (Greenwich). 2018;20(4):645-7.

Davis DA, Ferdous F. Glucose Extremes and Cognitive Function: A Review of the Neurological
Impacts of Hypoglycemia and Hyperglycemia in Type 1 Diabetes. Diabetes Spectr. 2025.

Zhu 'Y, Verkhratsky A, Chen H, Yi C. Understanding glucose metabolism and insulin action at the
blood—-brain barrier: Implications for brain health and neurodegenerative diseases. Acta Physiol.
2025;241.

Klop B, Elte JW, Cabezas MC. Dyslipidemia in obesity: mechanisms and potential targets. Nutrients.
2013;5(4):1218-40.

Kullmann S, Heni M, Hallschmid M, Fritsche A, Preissl| H, Haring H-U. Brain Insulin Resistance at the
Crossroads of Metabolic and Cognitive Disorders in Humans. Physiol Rev. 2016;96(4):1169-209.

Sanborn V, Preis SR, Ang A, Devine S, Mez J, DeCarli C, et al. Association Between Leptin, Cognition,
and Structural Brain Measures Among Early Middle-Aged Adults: Results from the Framingham
Heart Study Third Generation Cohort. J Alzheimers Dis. 2020;77(3):1279-89.

Li L, Zhuang L, Xu Z, Jiang L, Zhai Y, Liu D, et al. U-shaped relationship between non-high-density
lipoprotein cholesterol and cognitive impairment in Chinese middle-aged and elderly: a cross-
sectional study. BMC Public Health. 2024;24(1):1624.

Gao JW, Hao QY, Lin Y, Li ZH, Huang ZG, Bai ZQ, et al. Variability in Lipid Profiles During Young
Adulthood and the Risk of Coronary Artery Calcium Incidence in Midlife: Insights From the CARDIA
Study. Circ Cardiovasc Imaging. 2024;17(9):e016842.

Kim Y-J, Yeom H-E. Threshold effects of body mass index on cognitive function and heterogeneity
by sex and cardiovascular risk factors. Front Public Health. 2022;Volume 10-2022.

Gregg LP, Navaneethan SD. Considerations in the Study of Body Mass Index Variability. J Am Soc
Nephrol. 2021;32(10):2395-7.

Makkar SR, Lipnicki DM, Crawford JD, Kochan NA, Castro-Costa E, Lima-Costa MF, et al. APOE €4
and the Influence of Sex, Age, Vascular Risk Factors, and Ethnicity on Cognitive Decline. Journals
Gerontology: Ser A. 2020;75(10):1863-73.

Yano Y. Visit-to-Visit Blood Pressure Variability-What is the current challenge? Am J Hypertens.
2017;30(2):112-4.

Page 16/21



49. Song R, Xu H, Dintica CS, Pan KY, Qi X, Buchman AS, et al. Associations Between Cardiovascular
Risk, Structural Brain Changes, and Cognitive Decline. J Am Coll Cardiol. 2020;75(20):2525-34.

Tables

Tables 1 to 5 are available in the Supplementary Files section.

Figures

Page 17/21



2013-2016 examination
N=1,298

< 3 visits from childhood: n=20

y
> 3 visits from childhood
N=1,278
VRF < 3 measurements: n=50
* non-HDL(n=2)
« glucose (n=49)

I
v
> 3 measures available for all 4
VRF
N=1,228

» NP test scores missing: n=47

h 4

NP test scores available
N=1.181

77 participants with missing covariates
(HTN =1, T2DM = 11, dyslipidemia = 9, depressive
symptoms = 66)

A 4

complete covariates
N=1,104
missing APOE &4 status:
N n=94
A
complete APOE &4 status
N=1.010

Figure 1

Flowchart of study participants

Abbreviations: NP, neuropsychological; VRF, vascular risk factor

Page 18/21



A *kk B Kk K
34 I 1 3 I |
NS. NS.
— —
24 2
14 14
(7] N
O O
O (O]
0 ] - - O 1
14 1
21 21
low mid high low mid high
DEV of SBP CV of glucose
C NS. D *
34 | | 3 I |
NS. NS.
— —
24 2
14 14
(7] (7]
Q Q
O (O]
0- 0-
-1 1
2 )
low mid high low mid high
CV of non-HDL RSD of BMI
Figure 2

Distribution of global cognitive score across tertiles of vascular risk factor variability

Abbreviations: SBP, systolic blood pressure; non-HDL, non-high density lipoprotein cholesterol; BMI, body
mass index; GCS, global cognitive score; CV, coefficient of variation; DEV, deviation from age predicted
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values; RSD, residual SD; low, lowest tertile of variability; mid, middle tertile of variability; high, highest
tertile of variability.

*: p< 0.05, ***: p< 0.001

©
S

. =
L2 2
I [=)
£ 130 Index E 120 Index
f—: - Ccv ® * Ccv
@ - DEV § o - DEV
‘g‘ # RSD & RSD
= 120 -~ SD @ -— SD
= =
b= 5 100

=

90
Low Mid High Low Mid High
SBP Variability Tertile Glucose Variability Tertile
375

)
E35.0 o 150
> Index E Index
g +cv A -+ cv
=" -+ pev T - DEV
o £ 140
o - RSD S = RSD
S 300 - sD @ - SD
= =

2 130

=

275
Low Mid High Low Mid High
BMI Variability Tertile Non-HDL Variability Tertile
Figure 3

Midlife vascular risk factor levels by variability tertiles

SBP, glucose, and BMI at midlife cognitive assessment were higher in individuals in the highest tertile
compared with the middle or lowest tertiles across all variability indices (p < 0.001). Non-HDL at midlife
cognitive assessment was higher in individuals in the middle tertile compared with the highest tertile
when variability was measured by DEV (p = 0.013) or RSD (p = 0.011).

Abbreviations: VRF, vascular risk factor; SD, standard deviation; CV, coefficient of variation; DEV, deviation
from age predicted values; RSD, residual SD; low, mid, high, lowest, middle, highest tertile of VRF
variability; SBP, systolic blood pressure; BMI, body mass index; non-HDL, non-high density lipoprotein
cholesterol.
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