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Abstract

INTRODUCTION: We examined the association between low-frequency oscillations

in blood pressure variability (LF-BPV) at baseline (past) and 12 years later (concurrent)

and BrainAGE gap (an indicator of brain health).

METHODS: Participants were 110 adults (age range 37–83 years at baseline, 60%

female) from the Midlife in the United States (MIDUS) study. LF-BPV (0.04–0.15 Hz)

was spectrally decomposed from beat-to-beat BP waveforms acquired from finger

photoplethysmography. BrainAGEwas estimated using a Gaussian-process regression

model applied to rawT1-weightedmagnetic resonance imaging (MRI) scans. BrainAGE

gapwas calculated as brain ageminus chronological age.

RESULTS:After adjustment for covariates, higher past diastolic LF-BPVwas associated

with significantly reduced BrainAGE gap (β = −2.24; 95% CI −4.15, −0.32, p = 0.022),

aswas higher concurrent diastolic LF-BPV (β=−1.90; 95%CI−3.68,−0.12, p= 0.037).

CONCLUSION: Our findings suggest that low-frequency oscillations in diastolic BPV

are associated with slower brain aging relative to chronological age.
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Highlights

∙ Low-frequency oscillations in diastolic blood pressure variability, a marker of

vasomotion, are reducedwith aging.

∙ Low-frequency oscillations in diastolic blood pressure variability are favorably

associated with BrainAGE gap, a marker of overall brain health, measured from

neuroimaging.

∙ Reductions in vasomotion with aging may contribute to accelerated brain aging

relative to chronological age.
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1 INTRODUCTION

Elevated blood pressure (BP) has a profound effect on the brain and

contributes to cerebrovascular damage, cognitive impairment, and

increased Alzheimer’s disease and related dementia (ADRD) risk.1 In

addition to absolute (mean) BP levels, BP variability (BPV) also affects

the brain in potentially countervailing ways depending on its mag-

nitude and timescale.2 Large variations in BP occurring over weeks,

months, or even years are associatedwith cerebral small vessel disease

and cognitive decline.3,4 In contrast, very short-term BPV (heartbeat-

to-beat fluctuations that occur within seconds to minutes) may be

beneficial for brain health, although its effects are notwell understood.

When very short-term BPV is spectrally decomposed in the fre-

quency domain, a prominent oscillation can be detected within a low

frequency (LF) bandwidth of 0.04–0.15 Hz. Currently, there are con-

flicting views on the (patho)physiological meaning of LF-BPV. Histori-

cally, LF-BPVwas conceptualized as being of autonomic origin, reflect-

ing sympathetic vasomotion.5–8 Thus, higher LF-BPV was thought to

indicate increased sympathetic vascular modulation and, by exten-

sion, increased vascular disease risk.9 However, it has been suggested

that vasomotion arising from low-frequency oscillations in hemody-

namic variability may also have favorable physiological effects.10,11

For example, induction of LF hemodynamic oscillations may protect

tissue oxygenation in settings of reduced tissue perfusion.12,13 Spon-

taneous LF hemodynamic oscillations may aid cerebrospinal fluid

movement, glymphatic drainage, and perivascular debris clearance

from the brain.14–17 Relatedly, a recent scoping review based on nine

studies that evaluated the relationship between very short-term BPV

and neurocognitive function determined that six studies documented

a positive association, two revealed no association, and only one

noted an unfavorable effect.18 More research is needed to advance

our understanding of the relationship between LF-BPV and brain

health.

Brain structure is well-known to change throughout the life course,

with deviations from the typical brain aging trajectory (e.g., increased

brain atrophy for a given age) reflecting latent neuropathological and

neurodegenerative influences.19 With the use of machine learning, a

type of statistical analysis, thousands of tissue-specific brain features

(e.g., cortical thickness, total and regional volumes of gray and white

matter, cerebrospinal fluid) can be extracted from hundreds of mag-

netic resonance imaging (MRI) scans and used to ‘learn’ how patterns

of data from the brain scans relate to chronological age.20 Once these

patterns are identified in healthy individuals, they can be applied to

other individuals (who were not used in the original analyses) to pre-

dict their age. The deviation between this estimated brain age and the

person’s actual chronological age is known as the brain age gap. Several

brain age calculators havebeendeveloped andproposed as biomarkers

of biological aging and global brain health.21 In this regard, advanced

brain aging ‒ a predicted brain age that is older than an individual’s

chronological age ‒ has been associated with a higher risk for mild

cognitive impairment and ADRD.22

RESEARCH INCONTEXT

1. Systematic review: The authors relied on a traditional

literature review, examining peer-reviewed publications

from PubMed and Google Scholar. Keywords searched

included, but were not limited to, “blood pressure vari-

ability”, “brain age”, and “neuroimaging”. All studies uti-

lized in our paper were deemed rigorous and of high

quality. Brain age and brain age gap are relatively new

areas of scholarship. While there are different methods

available to estimate brain age, we chose to focus on one

method that had amore robust literature linking it to clin-

ical endpoints. Based on our search, brain age estimated

from neuroimaging is emerging as a promising biomarker

of brain health. The literature on blood pressure variabil-

ity is complex, which we address in our paper. All relevant

literature is cited appropriately.

2. Interpretation: While older literature suggests that very

short-term blood pressure variability is a reflection of

pathophysiology, newer literature supports that these

oscillations benefit brain health. Therefore, our hypoth-

esis that low-frequency oscillations in blood pressure

variabilitywould be favorably associatedwith brain age is

based both on the totality of available literature and the

evolution of this field.

3. Future directions: Based on findings, future studies are

needed to elucidate the mechanisms by which low-

frequencyoscillations inbloodpressure variability impact

thebrain.Additionally, future studies areneeded toexam-

ine biobehavioral factors that may preserve very short-

term blood pressure variability with aging as a potential

strategy tomaintain brain health.

The purpose of this study is to examine the association between LF-

BPV and what we term the BrainAGE gap (i.e., the difference between

brain age and chronological age) derived from structural (T1w) neu-

roimaging in middle-aged and older adults. By using the infrastructure

of theMidlife in the United States (MIDUS) study, we are able to exam-

ine LF-BPV longitudinally and concurrently. This is important because

pastBPmaybemore strongly associatedwithbrain structure and cere-

bral small vessel disease risk in older adults than concurrent BP,23–25

and there is evidence that midlife BP is associated with brain white

matter lesions, a marker of cerebral small vessel disease, and corti-

cal atrophy later in life.26–28 We hypothesize that higher LF-BPV, both

past and concurrent, will be associated with slower brain aging rela-

tive to chronological aging. If this hypothesis is confirmed, this study

will provide novel evidence of a favorable effect of LF oscillations in

BPV on overall brain health and offer insight into the influence of the

temporality and scale of hemodynamic fluctuations on brain aging.
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2 METHODS

This study uses data from the MIDUS Biomarker and Neuroscience

Projects conducted as part of the second (MIDUS 2, 2004–2009) and

third (MIDUS 3, 2017–2022) waves of the MIDUS study. Beat-to-beat

BP measures for the derivation of LF-BPV were completed as part of

the Biomarker Project’s Psychophysiology protocol at MIDUS 2 and

MIDUS 3. Neuroimaging was completed in a subset of MIDUS 3 par-

ticipants who completed the Psychophysiology protocol. MRI scans

took place the day after participants completed the Psychophysiology

protocol. Participants were excluded from the analytic sample if they

did not complete the MRI study or did not complete the beat-to-beat

BP testing at both MIDUS 2 and MIDUS 3. The final analytic sample

includes 110 participants. All participants provided written informed

consent, and the MIDUS study was approved by the University of

Wisconsin-Madison Institutional Review Board (IRB) (IRB Protocol

Number: Survey 2016-1051, Biomarker 2014-0813, Neuroscience

MRI 2016-0054).

2.1 BPV

For the M2 visit, participants stayed overnight in the clinical research

center. They were given a light breakfast, no caffeine, and no alco-

hol, and they did not exercise before the measures. For the M3 visit,

participants had the option to stay at a hotel. For those staying at a

hotel, they were asked to adhere to the same guidelines as M2 (light

breakfast, no caffeine, no alcohol, and no exercise). Visits were not

standardized for the menstrual phase for regularly menstruating, pre-

menopausal women. With participants seated, a finger cuff (Finapres

Medical Systems, Amsterdam, Netherlands) was wrapped around the

middle finger of their non-dominant hand. The hand was supported at

heart level. Electrocardiograph (ECG) electrodes were placed on their

left and right shoulders, as well as on their left lower quadrant. Data

collection was initiated following a 1200-s habituation period (cuffs

were adjusted, waveform calibration completed, participantsmay have

moved around slightly, researchers conversed with participants), and a

240-s quiet rest period (no movement and no talking). The Physiocal

feature was turned off for all measures. Beat-to-beat BP waveforms

were recorded during an 11-min baseline (divided into two separate

epochs of approximately 300 sec each).29 For restingBPdata,we chose

the first epoch. Resting analog BP signals were digitized at 500 Hz

by a 16-bit A/D conversion board (National Instruments, Austin, TX)

and passed to a microcomputer. The BP waveforms were submitted

to customized software that detected the time and magnitude of each

systolic peak and diastolic trough, resulting in a BP time series.29,30

Errors inmarking systolic and diastolic valueswere identified via visual

inspection by members of the MIDUS research team.29 Values cor-

responding to ectopic beats were corrected by interpolation. LF-BPV

(0.04–0.15 Hz) was computed based on 300-s epochs using an inter-

val method for computing Fourier transforms similar to that described

by DeBoer, Karemaker, and Strackee.31,32 Before computing Fourier

transforms, the mean of the BP series was subtracted from each value

in the series to detrend the data. The series was filtered using a Han-

ning window, and the power over the LF band was summed. Estimates

of spectral power were adjusted using themethod of Harris to account

for attenuation produced by this filter.33 BPV data were computed

during periods in which the respiratory rate was above the LF band

(9 breaths/min), measured by a thoracic/abdominal stretch band that

used the volume change to estimate a respiratory rate. The BPV was

positively skewed rather than normally distributed (confirmed with

Shapiro–Wilk andKolmogorov–Smirnov tests). Therefore, we used the

logarithmically transformed (natural logarithm [ln]) LF-BPV variables

provided in the MIDUS dataset in our analyses. We examined both

systolic and diastolic LF-BPV.

2.2 Neuroimaging and BrainageR pipeline

All structural scans were acquired using a 3T scanner (MR750,

GE Healthcare, Waukesha, WI) with a 32-channel NOVA head coil.

These data were derived from BRAVO T1-weighted (T1w) structural

images with 1 mm3 isotropic voxels (repetition time [TR] repetition

time = 8.2 ms, echo time [TE] echo time = 3.2 ms, flip angle = 12◦,

matrix = 256 × 256, field of view [FOV] = 256 mm, slices = 160, slice

thickness = 1 mm, and inversion time = 450 ms, total duration = 7.5

min).

BrainAGE was estimated using brainageR v2.0 (https://github.

com/james-cole/brainageR/releases/tag/2.0). The first step of the

brainageR algorithm segments the T1w scans into gray matter and

white matter, which are normalized to standard space using non-

linear spatial registration. The two brain segmentation images are

then concentrated and converted into a similarity matrix. Gaussian-

process regression models are then used to predict chronological age.

The voxel-wise pipeline was previously trained on 2001 research par-

ticipants without neurological disorders, psychiatric disorders, head

trauma, and/or other medical illnesses (age range 18–90 years). Using

a cross-validation approach, brain age estimates from this pipeline

accounted for 88% of the variance in chronological age, with a mean

absolute error (MAE) of 5.02 and a root mean square error (RMSE)

of 6.31. BrainageR is freely available for use (https://github.com/

james-cole/brainageR; https://doi.org/10.5281/zenodo.3476365), and

v2.0 was applied to the MIDUS Neuroscience sample’s BRAVO T1-

weighted structural images to compute each individual’s BrainAGE.

The brainageR algorithm has high accuracy and test-retest reliability

compared to other brain age gap algorithms.34 BrainAGE gap was cal-

culated as estimated BrainAGE minus self-reported chronological age.

A positive value signifies accelerated brain aging relative to chronolog-

ical age, while a negative value signifies slower brain aging relative to

chronological age.

2.3 Analytic plan

We use multivariable linear regression to assess the association of

past (MIDUS 2) and concurrent (MIDUS 3) LF-BPV with BrainAGE
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gap measured at MIDUS 3. When building our model, we explored

a range of factors that may affect brain aging, including: sociode-

mographic variables (age, sex, race, education, household income);

health behaviors and related factors (tobacco use, alcohol use, physi-

cal activity, body mass index [BMI]); chronic disease status (history of

heart disease, diabetesmellitus, stroke/transient ischemic attack [TIA],

high cholesterol, high BP); and medication use (cardiovascular agents

including BP medications, central nervous system agents, metabolic

agents, hormonal agents). Variableswereentered into themodel if they

demonstrated a univariate association with the dependent variable at

p ≤ 0.10. We additionally forced sex and race into the model as we

view these factors as important constructs to consider when explor-

ing brain aging. Self-reported chronological age was included in the

model because BrainAGE calculated from themethod used hereinmay

overestimate brain age for younger adults and underestimate brain

age for older adults.35–38 For the regression analysis, chronological

age was centered by subtracting the mean age from each participant’s

self-reported age. When examining associations between LF-BPV at

MIDUS 2 with BrainAGE gap at MIDUS 3, we forced a time-lag vari-

able into the model to account for different lengths of time between

baseline BPV measures and subsequent neuroimaging (mean time lag

12 ± 2 years). Finally, mean (absolute) BP was forced into models so

that we could estimate the association of LF-BPV with BrainAGE gap

independent of the influence of mean BP on BrainAGE gap. Analyses

were completed separately for systolic BPV and diastolic BPV. In the

systolic BPV analyses, we control for mean systolic BP. In the diastolic

BPV analyses, we control for mean diastolic BP. Paired sample t-tests

were used to compare continuous variables (fromMIDUS 2 to MIDUS

3), while categorical variables were compared with Fisher’s exact test.

All analyses were carried out using SPSS v. 29 (IBM), and significance

was set a priori at p< 0.05.

3 RESULTS

Our sample included 110 middle-aged and older adults. Descriptive

characteristics across timepoints are presented in Table 1. Participants

were mostly female (60%), non-Hispanic White (68%) individuals and

had an educational attainment of: 27.3% high school or less, 28.2%

some college or technical training, and 44.5% Bachelor’s degree or

more. Based on BMI at MIDUS 2, 45% were categorized as obese

(BMI ≥ 30 kg/m2) and 31% as overweight (BMI 25–30 kg/m2). At

MIDUS3, theoverallMIDUSsamplewhocompleted theSurveyProject

was N = 3683 participants, with a mean age = 63.37 (SD = 11.30)

years, and an age range of 39–93 years. The overall sample was 56%

Female and80.5%White. The educational attainment distributionwas:

31% high school or less, 30.1% some college or technical training, and

38.9% Bachelor’s degree or more. The subsample used in our analyses

is slightly younger on average and more educated than the full MIDUS

3 Survey sample. However, our analytic subsample includes a 43-year

age range and a significant percentage of people with a high school

education or less. Finally, our analytic subsample has a slightly higher

percentage of female participants, and a greater percentage of peo-

ple who self-identify as Black and/or African American, Asian, Native

American, and Alaska Native.

While 17% had positive BrainAGE gap values, the mean BrainAGE

gap in the sample was −6.8 years (median = −6.1 years), which indi-

cates slower brain aging than chronological aging for the sample as

a whole. Values for BrainAGE gap in the sample were comparable to

those reported in the literature.19,39 While no normative data exist for

measures of BPV, the range of values observed in our sample (Table 1)

closely approximates the range of values previously reported in the

largerMIDUS cohort (N= 2118).29

From MIDUS 2 to MIDUS 3, there were increases in household

income, BMI, and the proportion of participants who reported a his-

tory of stroke/TIA, diabetes mellitus, and high BP (p < 0.05). However,

none of these variables or the other health behaviors and conditions

thatwe considered for inclusionwere associatedwith BrainAGE gap at

p ≤ 0.10. Therefore, none of those variables were included in the mul-

tivariable model we estimated. While there was no significant change

in diastolic BP across time points, there was a significant reduction in

diastolic (ln) LF-BPV fromMIDUS 2 toMIDUS 3 (p< 0.05). Conversely,

while there was an increase in systolic BP across time points (p< 0.05),

therewas no change in systolic (ln) LF-BPV fromMIDUS 2 toMIDUS 3.

Supplementary (online) Table S1displays data for eachof the regres-

sors in our model along with full model statistics. Table 2 displays the

results from separate multiple linear regression analyses. There was

one statistical outlier for diastolic LF-BPV at MIDUS 2 and MIDUS

3. Excluding these participants did not affect results, so they were

retained in the final model. Past systolic (ln) LF-BPV at MIDUS 2, con-

current systolic (ln) LF-BPV at MIDUS 3, or change in systolic (ln)

LF-BPV fromMIDUS2 toMIDUS3were not associatedwithBrainAGE

gap. Diastolic (ln) LF-BPV at both MIDUS 2 (past) and MIDUS 3 (con-

current)was significantly associatedwithBrainAGEgap in amodel that

controlled statistically for age, sex, race, education, diastolic BP, and

time lag (for the MIDUS 2 analysis only). Figure 1A,B display the par-

tial regression plots for diastolic LF-BPV as the independent variable

and brain age gap as the dependent variable for MIDUS 2 and MIDUS

3, respectively. In eachmodelwe estimated, the constantwas negative,

which is indicative of a lower brain age than chronological age. For each

unit increase in (ln) LF-BPV, there was an approximate 2-year reduc-

tion in brain age relative to chronological age (i.e., the BrainAGE gap

becamemorenegative). To put this in perspective,weused the relevant

equation to obtain the predicted BrainAGE gaps for someone with +1
standard deviation above the mean LF-BPV and -1 standard deviation

below themeanLF-BPV, and the reference-category characteristics for

the other variables in the model (i.e., we just used the constant and

coefficient for LF-BPV given in Table 2 to generate the predicted val-

ues). For the past equation, the predicted BrainAGE gaps are 7.9 and

11.8 years; for the concurrent equation, the predicted BrainAGE gaps

are 7.1 and 10.6 years. The association between change in diastolic (ln)

LF-BPV fromMIDUS 2 toMIDUS 3 and BrainAGE gap approached but

did not reach statistical significance (p= 0.066).

According to respiration measures acquired during the BP mea-

surement, three participants had a respiratory rate of 8 breaths/min,

two participants during baseline (M2) measures, and one participant
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TABLE 1 Descriptive characteristics, health behaviors, and blood pressure over time.

n= 110

MIDUS 2

2004–2009

MIDUS 3

2017–2022 p-value

Age, years

(range)

52± 9

(37–83)

64± 9

(48–95)

<0.001

Female sex, n (%) 66 (60%) –

Race, n (%) –

White 76 (68%) –

Black/African American 30 (27%) –

Asian 2 (2%) –

Native American/Alaskan 2 (2%) –

Education, n (%) –

4-year college degree or higher 50 (45%) –

Some college education, 30 (27%) –

High school/GED or less 30 (27%) –

Household income, dollars 67443 ± 54252 91977 ± 106738 0.020

Brain age gap, years – −6.8 ± 8.5 –

Bodymass index, kg/m2 30 ± 6 31 ± 6 0.001

Systolic BP, mmHg 123 ± 19 129 ± 22 0.010

Systolic (ln) LF-BPV, mmHg2 2.27 ± 0.87 2.16 ± 0.91 0.291

Diastolic BP, mmHg 61 ± 12 63 ± 12 0.178

Diastolic (ln) LF-BPV, mmHg2 1.06 ± 0.86 0.71 ± 0.88 <0.001

Hx heart disease, n (%) 4 (4%) 5 (5%) 0.999

Hx stroke/TIA, n (%) 2 (2%) 6 (5%) 0.045

Hx diabetes mellitus, n (%) 14 (13%) 23 (21%) 0.012

Hx high cholesterol, n (%) 49 (45%) 55 (50%) 0.241

Hx high blood pressure, n (%) 36 (33%) 50 (45%) 0.001

Hormonemedication, n (%) 20 (18%) 24 (22%) 0.286

Hx smoking, n (%) 47 (43%) 49 (45%) 0.417

Alcohol use, days/week 1.5 ± 1.4 1.7 ± 1.8 0.043

Physical activity, n (%) 83 (75%) 73 (66%) 0.105

Note: Results are displayed asmean± SD for continuous variables unless otherwise indicated as number and percentage (n, %).

Abbreviations: BP, blood pressure; GED, General Education Development; Hx, history; LF-BPV, low-frequency blood pressure variability; MIDUS, Midlife in

the United States; TIA, transient ischemic attack.

TABLE 2 Association between LF-BPV and brain age gap.

95%Confidence interval

Parameter (Constant) 𝛽 Standard error Lower bound Upper bound

Diastolic LF-BPV (M2) −4.81 −2.24 0.97 −4.15 −0.32

Diastolic LF-BPV (M3) −4.78 −1.90 0.90 −3.68 −0.12

ΔDiastolic LF-BPV −3.72 −1.70 0.92 −3.52 0.12

Systolic LF-BPV (M2) −1.41 −1.78 0.92 −3.54 0.10

Systolic LF-BPV (M3) −5.19 −1.09 0.88 −2.84 0.65

Δ Systolic LF-BPV −0.20 −0.72 0.91 −2.53 1.09

Notes: ForM2 analyses, models were adjusted for centered age atM2, sex, race, education, and time lag betweenM2 andM3. ForM3 analyses, models were

adjusted for centered age atM3, sex, race, and education. Formodels examining diastolic LF-BPV,we additionally enteredmean diastolic BP at the respective

time point. For models examining systolic LF-BPV, we additionally entered mean systolic BP at the respective time point. For our change (Δ) models, we

included centered age atM2, sex, race, education, mean BP atM2, and either diastolic or systolic LF-BPV atM2.

Abbreviations: LF-BPV, low-frequency blood pressure variability; M2,MIDUS 2;M3,MIDUS 3;MIDUS,Midlife in the United States.

 15525279, 2025, 10, D
ow

nloaded from
 https://alz-journals.onlinelibrary.w

iley.com
/doi/10.1002/alz.70833 by U

niversity O
f W

isconsin - M
adison, W

iley O
nline L

ibrary on [04/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



6 of 10 HEFFERNAN ET AL.

F IGURE 1 Partial regression plots for (A) diastolic LF-BPV atMIDUS 2 and (B) diastolic LF-BPV atMIDUS 3with brain age gap (brain age
minus chronological age), controlling for covariates. The dark line represents the slope of the partial regression line, while the dashed lines
demarcate the individual 95% confidence band. LF-BPV, low-frequency blood pressure variability; MIDUS,Midlife in the United States.

during M3 measures. All other participants had a respiratory rate > 9

breaths/min. Sensitivity analyses were conducted, excluding these

participants, and results were not affected, so all participants were

retained in the final analyses.

4 DISCUSSION

Apositive brain age gap (i.e., when brain age exceeds chronological age)

is thought to reflect an accumulation of aberrant age-related changes

to the brain.21 Relatively high brain age is associated with cognitive

decline, the transition frommild cognitive impairment to dementia, and

markers of underlying ADRD pathology (amyloid and tau).39–44 Brain

age is also an independent predictor of cerebrovascular disease bur-

den and mortality.19,45–47 We examined the association between LF

oscillations in BPV and BrainAGE gap in a sample of 110 middle-aged

and older adult participants in the MIDUS study. Overall, our findings

suggest a favorable association between diastolic LF-BPV (past and

concurrent) and global brain health, measured as BrainAGE gap.

While the absolute pressures measured in the finger and brain

(intracranial pressure) may not be the same, LF oscillations (0.1 Hz)

that occur over short timescales in the finger and the brain are

associated and may reflect similar underlying physiologies. Simi-

lar LF oscillations are seen across the systemic circulation, occur-

ring in the renal circulation,48,49 omental circulation,50 skeletal

muscle microcirculation,51 cutaneous circulation,52,53 and retinal

circulation.54 LF hemodynamic oscillations measured in the periphery

(operationally defined as oscillations in pressure measured via pulse

decomposition, pulse volume plethysmography, and oxyhemoglobin

from near-infrared spectroscopy [NIRS]) correlate with brain LF oscil-

lations in the blood oxygenation level dependent (BOLD) signal mea-

suredwith functionalMRI (fMRI) andmagnetic resonance encephalog-

raphy (MREG).55–60 Brain BOLD signal fluctuations specifically within

the default-mode and the visual networks have similar spectral density

distributions to the fluctuations of systemic BP and cerebral blood flow

velocity measured from the middle cerebral artery.61 Mathematical

modeling further suggests that fluctuations in systemic BPV account

for 60% of the variance in cerebral blood flow fluctuations captured in

themiddle cerebral artery.62 This is important because it is the changes

in cerebral flow variability within the LF range (both spontaneous

and induced) that impact brain tissue oxygenation.2,10 Specifically,

oscillatory blood flow produced by vasomotion may achieve better tis-

sue oxygenation than that obtained from a steady flow of blood.63,64

Additionally, upstreamcerebral arterial pressure andblood flow fluctu-

ations transmitted into the cerebralmicrocirculation play an important

role in neurovascular coupling and preventing brain Aβ deposition.17

Hemodynamic oscillations occurring within the same frequency range

as vasomotion (0.1 Hz) are coupled to neuronal activity.60,65,66 Vaso-

motion has also been theorized to contribute to the driving force of

solute clearance from the brain.16,17,67 Relatedly, loss of LF hemo-

dynamic oscillations has been linked to ADRD pathology.68–70 Low

LF-BPV may thus impact and/or reflect changes in cerebrovascular

function and perfusion, important modulators of neuroinflammation,

neurovascular coupling, white matter structure, and Aβ clearance.

Over time, reductions in LF-BPV would be expected to hasten global

brain aging.71,72

The coupling between BPV and cerebral blood flow vari-

ability largely informs the measurement of dynamic cerebral

autoregulation.73 Cerebral autoregulation is an essential intrinsic

physiological mechanism that describes the ability of cerebral blood

vessels to dilate or constrict to maintain perfusion in the presence of

fluctuations in BP. Preclinical data have demonstrated that even mild

impairment of cerebral autoregulationmay lead to neurodegeneration

and dementia in older adults.74–77 Impaired cerebral autoregulation

could lead to decreases in perfusion pressure during hypotensive

perturbations, causing neuronal hypoperfusion. Impaired cerebral

autoregulation could also lead to increased perfusion pressure during

hypertensive challenges, transmitting excess pressure pulsatility to

downstream capillaries, which can contribute to disruption of capillary

integrity and blood-brain barrier breakdown.78 An additional physio-

logical mechanism that can protect the brain from large fluctuations

in BP within the cerebral arteries is vascular compliance. Vascular

stiffening and the concomitant loss of cerebral vascular capacitance

may attenuate the transmission of LF hemodynamic oscillations into
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the brain.79 A stiffer/less compliant vasculature may contribute to/be

caused by a blunted vascular reactivity from endothelial and vascular

smooth muscle dysfunction that detrimentally impacts vasomotion

and hastens brain aging.80,81 More research is needed to examine the

interaction of cerebral autoregulation and arterial compliance on brain

aging.

Several potential mechanisms have been suggested to explain the

genesis of vasomotor activity corresponding to LF-BPV, including:

sympathetic-autonomic modulation/resonance within the baroreflex

arc (Mayer waves); intrinsic vascular myogenic tone (calcium and

voltage-dependent cell membrane oscillator); and a central neurogenic

oscillator.5–8 Each of these potential mechanisms may, in turn, interact

with other systemic hemodynamic factors to uniquely affect beat-to-

beat fluctuations in systolic or diastolic pressure. For example, the

interaction of beat-to-beat variations in large artery stiffness82 with

stroke volume83 would be expected to affect systolic BP variability

more than diastolic BP variability. Conversely, diastolic BP variability

may be more affected by such factors as: variation in diastolic decay

from beat-to-beat changes in heart rate; microvascular tone affecting

peripheral vascular resistance and diastolic runoff; and regional com-

pliance (Windkessel/reservoir function) affecting diastolic recoil.84 As

the diastolic phase of the cardiac cycle lasts longer than the systolic

phase, the brain may be more sensitive to diastolic BPV and related

systemic hemodynamic-vascular factors (microvascular dysfunction,

vascular compliance) comparedwith systolic BPV.

We observed a longitudinal reduction in diastolic LF-BPV with

chronological aging, spanning approximately 12 years. This is consis-

tent with previous cross-sectional reports of lower diastolic LF-BPV in

older adults compared with younger adults85–87 and an inverse asso-

ciation between age and diastolic LF-BPV.29 Aging is associated with

physiological changes that could contribute to the observed reduction

in diastolic LF-BPV, including reductions in baroreceptor sensitivity,

microvascular/endothelial function, vascular compliance, and myo-

genic tone. Our findings further suggest that systolic LF-BPV, when

measured in the seated position, may not change as much with aging.

Compared to the supine position, the seated position may augment

sympathetic activity,88 potentially differentially impacting systolic and

diastolic BPV. When BPV is assessed in the time domain as the stan-

dard deviation or the variation independent of mean, high systolic

BPV is associated with several metrics of ADRD risk, including lower

cerebrovascular reactivity, cortical atrophy, circulating amyloid and

tau, and lower functional connectivity.89–92 Our results suggest that

findings obtained when BPV is assessed in the frequency domain

are not equivalent to those garnered from time-domain measures.

Many time-domain metrics of BPV are inherently centered around

the cardiac frequency, as the variability is derived from beat-to-beat

measurements. As such, differences between frequency-domain and

time-domain metrics may be due to differences in the frequency of the

variability.

Limitations of this study should be noted and addressed in future

research. The nature of the MIDUS Neuroscience in-person data

collection requires study participants to travel to the University of

Wisconsin-Madison, which means that only those physically and cog-

nitively healthy enough to travel, often by air or bus, participate in the

multiple days of research activities (including MR neuroimaging). As

such, these participants may reflect a healthier-than-average group.

However, our sub-sample still has a considerable range in health as

reflected by theBPVmeasures and range inBrainAGEgap. In analyzing

both systolic and diastolic BPV at two time points and their change, we

acknowledge the increased possibility of detecting significant effects

by chancedue tomultiple comparisons (6 in total). Although these tests

were grounded in relevant hypotheses, some of the observed p-values

mightnot reflect genuineeffects. IfweappliedaBonferroni adjustment

to our findings and set significance at p< 0.008, our findings would not

be retained and, as such, should be interpreted with caution. We view

findings as hypothesis-generating. We did not assess cerebral blood

flow variability or cerebral tissue oxygenation; thus, we cannot con-

firm that changes in LF oscillations in BPV measured in the finger are

truly representative of direct cerebral hemodynamic effects. In many

studies that examine LF hemodynamic oscillations in the literature,

measures commonly focus on mean arterial pressure LF oscillations.

MIDUS did not calculate LF oscillations in mean arterial pressure; only

systolic and diastolic pressures. Considering that the cardiac cycle

comprises approximately 1/3 time spent in systole and 2/3 time in

diastole (with the form factor changing with age), the effects of mean

pressureoscillations previously notedmaybedetecting the larger dias-

tolic contribution. We also did not have a measure of BrainAGE gap

at our baseline time point (M2), given the limited imaging at M2. With

continued neuroimaging being performed in upcoming MIDUS waves,

future studies can leverage the longitudinal study design of MIDUS

to examine how change in BPV over time correlates with changes in

brain agingover time.Another limitation is that laboratory visits for the

assessment of BPV were not standardized for menstrual cycle phase

among premenopausal female participants. Menstrual cycle affects

sympathetic activity and baroreflex sensitivity,93 potential modula-

tors of vasomotion and LF oscillations in BPV. Because MIDUS does

not have measures of vascular function (arterial stiffness), hypothe-

ses on mechanisms responsible for differential associations between

systolic and diastolic BPV and BrainAGE gap cannot be tested. Finally,

this study did not explore the impact of adverse childhood or life-

time experiences on BPV and BrainAGE gap. Childhood maltreatment

is associated with cerebral and systemic vascular dysfunction94 and

accelerated brain aging in adulthood.95 Future studies are needed to

further examine biobehavioral and socioenvironmental determinants

of BPV and potential consequences on brain aging.

In conclusion, higher diastolic LF-BPV is associated with attenu-

ated brain aging in middle-aged and older adults. Chronological aging

is associated with reductions in LF-BPV, which may have detrimental

implications for brain aging. Future research is needed to examine if

interventions that preserve diastolic LF-BPVwith aging have favorable

effects on long-term brain health.

ACKNOWLEDGMENTS

Publicly available data from the MIDUS study were used for this

research. Since 1995, the MIDUS study has been funded by the fol-

lowing: the John D. and Catherine T. MacArthur Foundation Research

 15525279, 2025, 10, D
ow

nloaded from
 https://alz-journals.onlinelibrary.w

iley.com
/doi/10.1002/alz.70833 by U

niversity O
f W

isconsin - M
adison, W

iley O
nline L

ibrary on [04/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



8 of 10 HEFFERNAN ET AL.

Network, and the National Institute on Aging (P01-AG020166, U19-

AG051426, U01-AG077928). TheMIDUSNeuroscience Project’s data

collection was also supported in part by a core grant to the UW-

Madison Waisman Center from the National Institute of Child Health

andHumanDevelopment (P50HD105353).

CONFLICT OF INTEREST STATEMENT

The authors declare no conflicts of interest. Author disclosures are

available in the Supporting Information.

CONSENT STATEMENT

All participants provided written informed consent, and the MIDUS

study was approved by the University ofWisconsin-Madison IRB.

REFERENCES

1. GottesmanRF, EgleM,Groechel RC,MughalA. Bloodpressure and the

brain: the conundrum of hypertension and dementia. Cardiovasc Res.
2025;120(18):2360-2372.

2. Rickards CA, Tzeng Y-C. Arterial pressure and cerebral blood flow

variability: friend or foe? A review. Front Physiol. 2014;5:120.
3. Gutteridge DS, Tully PJ, Ghezzi ES, et al. Blood pressure variabil-

ity and structural brain changes: a systematic review. J Hypertens.
2022;40(6):1060-1070.

4. de Heus RAA, Tzourio C, Lee EJL, et al. Association between blood

pressure variability with dementia and cognitive impairment: a sys-

tematic review andmeta-analysis.Hypertension. 2021;78:1478-1489.
5. Parati G, Saul JP, Di Rienzo M, Mancia G. Spectral analysis of blood

pressure and heart rate variability in evaluating cardiovascular regu-

lation.Hypertension. 1995;25:1276-1286.
6. Cohen MA, Taylor JA. Short-term cardiovascular oscillations in man:

measuring and modelling the physiologies. J Physiol. 2002;542:669-
683.

7. Stauss HM. Identification of blood pressure control mechanisms by

power spectral analysis. Clin Exp Pharmacol Physiol. 2007;34:362-368.
8. Laitinen T, Hartikainen J, Niskanen L, Geelen G, Länsimies E. Sympa-

thovagal balance is major determinant of short-term blood pressure

variability in healthy subjects. Am J Physiol. 1999;276:H1245-H1252.
9. Malpas SC. Sympathetic nervous systemoveractivity and its role in the

development of cardiovascular disease. Phys Rev. 2010;90:513-557.
10. Anderson GK, Rickards CA. The potential therapeutic benefits of low

frequencyhaemodynamicoscillations. J Physiol. 2022;600:3905-3919.
11. IntagliettaM. Arteriolar Vasomotion: implications for Tissue Ischemia.

Blood Vessels. 2008;28:1-7.
12. Davis KA, Bhuiyan NA, McIntyre BJ, Dinh VQ, Rickards CA. Induced

blood flow oscillations at 0.1 Hz protects oxygenation of severely

ischemic tissue in humans. J Appl Physiol (1985). 2024;137:1243-
1256.

13. Anderson GK, Sprick JD, Park FS, Rosenberg AJ. Rickards CA.

Responses of cerebral blood velocity and tissue oxygenation to

low-frequency oscillations during simulated haemorrhagic stress in

humans. Exp Physiol. 2019;104:1190-1201.
14. Attarpour A, Ward J, Chen JJ. Vascular origins of low-frequency oscil-

lations in the cerebrospinal fluid signal in resting-state fMRI: interpre-

tation using photoplethysmography. Hum Brain Mapp. 2021;42:2606-
2622.

15. Vijayakrishnan Nair V, Kish BR, Inglis B, et al. Human CSF movement

influencedbyvascular low frequencyoscillations and respiration.Front
Physiol. 2022;13:940140.

16. Hauglund NL, Andersen M, Tokarska K, et al. Norepinephrine-

mediated slow vasomotion drives glymphatic clearance during sleep.

Cell. 2025;188:606-622.e17.

17. Scheel N, Tarumi T, Tomoto T, Cullum CM, Zhang R, Zhu DC. Resting-

state functional MRI signal fluctuation amplitudes are correlated with

brain amyloid-β deposition in patients withmild cognitive impairment.

J Cereb Blood FlowMetab. 2022;42:876-890.
18. Asmuje NF, Mat S, Myint PK, Tan MP. Blood pressure variability and

cognitive function: a scoping review.Curr Hypertens Rep. 2022;24:375-
383.

19. Cole JH, Ritchie SJ, Bastin ME, et al. Brain age predicts mortality.Mol
Psychiatry. 2018;23:1385-1392.

20. Cole JH, FrankeK. Predicting ageusing neuroimaging: innovative brain

ageing biomarkers. Trends Neurosci. 2017;40:681-690.
21. Cole JH, Poudel RPK, Tsagkrasoulis D, et al. Predicting brain age with

deep learning from raw imaging data results in a reliable and heritable

biomarker.NeuroImage. 2017;163:115-124.
22. Moguilner S, Baez S, Hernandez H, et al. Brain clocks capture diversity

and disparities in aging and dementia across geographically diverse

populations.NatMed. 2024;30:3646-3657.
23. Muller M, Sigurdsson S, Kjartansson O, et al. Joint effect of mid-

and late-life blood pressure on the brain: the AGES-Reykjavik study.

Neurology. 2014;82:2187-2195.
24. George KM,Maillard P, Gilsanz P, et al. Association of early adulthood

hypertension and blood pressure change with late-life neuroimaging

biomarkers. JAMANetwOpen. 2023;6:e236431.
25. Wartolowska KA, Webb AJS. Midlife blood pressure is associated

with the severity of white matter hyperintensities: analysis of the UK

Biobank cohort study. Eur Heart J. 2021;42:750-757.
26. van Dijk EJ, Breteler MMB, Schmidt R, et al. The association between

blood pressure, hypertension, and cerebral white matter lesions.

Hypertension. 2004;44:625-630.
27. PowerMC, Schneider AL,Wruck L, et al. Life-course blood pressure in

relation to brain volumes. Alzheimers Dement. 2016;12:890-899.
28. Lane CA, Barnes J, Nicholas JM, et al. Associations between blood

pressure across adulthood and late-life brain structure and pathology

in the neuroscience substudy of the 1946 British birth cohort (Insight

46): an epidemiological study. Lancet Neurol. 2019;18:942-952.
29. Gruenewald T, Seeman TE, Choo TH, et al. Cardiovascular variabil-

ity, sociodemographics, and biomarkers of disease: the MIDUS study.

Front Physiol. 2023;14:1234427.
30. Sloan RP, DeMeersman RE, Shapiro PA, et al. Blood pressure variabil-

ity responses to tilt are buffered by cardiac autonomic control. Am J
Physiol. 1997;273:H1427-H1431.

31. de Boer RW, Karemaker JM, Strackee J. Relationships between

short-term blood-pressure fluctuations and heart-rate variability in

resting subjects. I: a spectral analysis approach. Med Biol Eng Comput.
1985;23:352-358.

32. DeBoer RW, Karemaker JM, Strackee J. Comparing spectra of a series

of point events particularly for heart rate variability data. IEEE Trans
Biomed Eng. 1984;31:384-387.

33. Harris FJ. On the use of windows for harmonic analysis with the

discrete Fourier transform. Proc IEEE. 1978;66:51-83.
34. Dörfel RP, Arenas-Gomez JM, Fisher PM, et al. Prediction of brain age

using structural magnetic resonance imaging: a comparison of accu-

racy and test-retest reliability of publicly available software packages.

HumBrainMapp. 2023;44:6139-6148.
35. Zhang F, Chang H, Schaefer SM, Gou J. Biological age and brain age

in midlife: relationship to multimorbidity and mental health. Neurobiol
Aging. 2023;132:145-153.

36. Niu X, Zhang F, Kounios J, Liang H. Improved prediction of brain age

usingmultimodal neuroimaging data.HumBrainMapp. 2020;41:1626-
1643.

37. Smith SM,VidaurreD,Alfaro-Almagro F,Nichols TE,MillerKL. Estima-

tion of brain age delta from brain imaging.NeuroImage. 2019;200:528-
539.

38. Zhang B, Zhang S, Feng J, Zhang S. Age-level bias correction in brain

age prediction.Neuroimage Clin. 2023;37:103319.

 15525279, 2025, 10, D
ow

nloaded from
 https://alz-journals.onlinelibrary.w

iley.com
/doi/10.1002/alz.70833 by U

niversity O
f W

isconsin - M
adison, W

iley O
nline L

ibrary on [04/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



HEFFERNAN ET AL. 9 of 10

39. Abughofah Y, Deardorff R, Vosmeier A, et al. Association between

BrainAGE and Alzheimer’s disease biomarkers. Alzheimers Dement
(Amst). 2025;17:e70094.

40. Biondo F, Jewell A, PritchardM, et al. Brain-age is associatedwith pro-

gression to dementia in memory clinic patients. NeuroImage: Clinical.
2022;36:103175.

41. Cole JH. Multimodality neuroimaging brain-age in UK biobank: rela-

tionship to biomedical, lifestyle, and cognitive factors.Neurobiol Aging.
2020;92:34-42.

42. Löwe LC, Gaser C, Franke K. The effect of the APOE genotype on

individual BrainAGE in normal aging, mild cognitive impairment, and

Alzheimer’s disease. PLoS One. 2016;11:e0157514.
43. Elliott ML, Belsky DW, Knodt AR, et al. Brain-age in midlife is asso-

ciated with accelerated biological aging and cognitive decline in a

longitudinal birth cohort.Mol Psychiatry. 2021;26:3829-3838.
44. Scheller E, Schumacher LV, Peter J, et al. Brain aging and APOE ε4

interact to reveal potential neuronal compensation in healthy older

adults. Front Aging Neurosci. 2018;10:74.
45. Liew SL, SchweighoferN, Cole JH, et al. Association of brain age, lesion

volume, and functional outcome in patients with stroke. Neurology.
2023;100:e2103-e2113.

46. Du J, Pan Y, Jiang J, et al. White matter brain age as a biomarker

of cerebrovascular burden in the ageing brain. Eur Arch Psychiatry
Clin Neurosci. 2024. Online ahead of print. doi: 10.1007/s00406-024-

01758-3

47. Casanova R, Anderson A, Barnard R, et al. Accelerated brain aging

is associated with mortality across race. Innov Aging. 2022;6(Suppl
1):784. doi: 10.1093/geroni/igac059.2834. eCollection 2022Nov.

48. Hollenberg NK, Sandor T. Vasomotion of renal blood flow in essential

hypertension. Oscillations in xenon transit. Hypertension. 1984;6:579-
585.

49. Siu KL, Sung B, Cupples WA, Moore LC, Chon KH. Detection of low-

frequency oscillations in renal blood flow. Am J Physiol Renal Physiol.
2009;297:F155-F162.

50. Pascoal IF, Lindheimer MD, Nalbantian-Brandt C, Umans JG.

Preeclampsia selectively impairs endothelium-dependent relax-

ation and leads to oscillatory activity in small omental arteries. J Clin
Invest. 1998;101:464-470.

51. Bertuglia S, Colantuoni A, Coppini G, Intaglietta M. Hypoxia- or

hyperoxia-induced changes in arteriolar vasomotion in skeletalmuscle

microcirculation. Am J Physiol Heart Circ Physiol. 1991;260:H362-
H372.

52. Kvandal P, Landsverk SA, Bernjak A, Stefanovska A, Kvernmo HD,

Kirkebøen KA. Low-frequency oscillations of the laser Doppler perfu-

sion signal in human skin.Microvasc Res. 2006;72:120-127.
53. Hodges GJ, Mallette MM, Cheung SS. The reliability of cutaneous

low-frequency oscillations in young healthy males. Microcirculation.
2019;26:e12546.

54. Kotliar K, Ortner M, Conradi A, et al. Altered retinal cerebral ves-

sel oscillation frequencies in Alzheimer’s disease compatible with

impaired amyloid clearance.Neurobiol Aging. 2022;120:117-127.
55. Özbay PS, Chang C, Picchioni D, et al. Contribution of systemic vascu-

lar effects to fMRI activity inwhitematter.Neuroimage. 2018;176:541-
549.

56. Whittaker JR, Driver ID, Venzi M, Bright MG, Murphy K. Cerebral

autoregulation evidenced by synchronized low frequency oscillations

in blood pressure and resting-state fMRI. Front Neurosci. 2019;13:433.
57. Schytz HW, Hansson A, Phillip D, et al. Spontaneous low-frequency

oscillations in cerebral vessels: applications in carotid artery disease

and ischemic stroke. J Stroke Cerebrovasc Dis. 2010;19:465-474.
58. Tong Y, Hocke LM, Licata SC, Frederick B. Low-frequency oscilla-

tions measured in the periphery with near-infrared spectroscopy are

strongly correlated with blood oxygen level-dependent functional

magnetic resonance imaging signals. J Biomed Opt. 2012;17:106004.

59. Tuunanen J, Helakari H, Huotari N, et al. Cardiovascular and vaso-

motor pulsations in the brain and periphery during awake and NREM

sleep in amultimodal fMRI study. Front Neurosci. 2024;18:1457732.
60. O’Connor SM, Wang R, Sharp PS, et al. Hemodynamic and neuronal

contributions to low-frequency vascular oscillations in a preclinical

model of Alzheimer’s disease.Neurophotonics. 2025;12:S14615.
61. Zhu DC, Tarumi T, Khan MA, Zhang R. Vascular coupling in resting-

state fMRI: evidence from multiple modalities. J Cereb Blood Flow
Metab. 2015;35:1910-1920.

62. Mitsis GD, Zhang R, Levine BD, Tzanalaridou E, Katritsis DG,

Marmarelis VZ. Autonomic neural control of cerebral hemodynamics.

IEEE EngMed Biol Mag. 2009;28:54-62.
63. Tsai AG, Intaglietta M. Evidence of flowmotion induced changes in

local tissue oxygenation. Int J Microcirc Clin Exp. 1993;12:75-88.
64. Goldman D, Popel AS. A computational study of the effect of vaso-

motion on oxygen transport from capillary networks. J Theor Biol.
2001;209:189-199.

65. Mateo C, Knutsen PM, Tsai PS, Shih AY, Kleinfeld D. Entrainment

of arteriole vasomotor fluctuations by neural activity is a basis of

blood-oxygenation-level-dependent “resting-state” connectivity. Neu-
ron. 2017;96:936-948.e3.

66. Rayshubskiy A, Wojtasiewicz TJ, Mikell CB, et al. Direct, intraopera-

tive observation of∼0.1Hz hemodynamic oscillations in awake human

cortex: implications for fMRI.Neuroimage. 2014;87:323-331.
67. van Veluw SJ, Hou SS, Calvo-RodriguezM, et al. Vasomotion as a driv-

ing force for paravascular clearance in the awakemouse brain.Neuron.
2020;105:549-561.e5.

68. van Beek AH, Lagro J, Olde-Rikkert MG, Zhang R, Claassen JA. Oscil-

lations in cerebral blood flow and cortical oxygenation in Alzheimer’s

disease.Neurobiol Aging. 2012;33:428.e21-428.e31.
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