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Abstract

Objective.—Elevated body weight in midlife is an established risk factor for accelerated
cognitive decline, impairment, and dementia. Research examining the impact of later-life body
mass index (BMI) on normal cognitive aging has produced mixed results. There is a need for
longitudinal designs, replication across multiple cognitive domains, and consideration of BMI
effects in the context of important moderators. The present research examined (a) BMI prediction
of neuropsychological performance and decline in executive function (EF), neurocognitive speed,
and memory and (b) sex stratification of BMI effects.

Method.—Participants (7= 869; 573 females; Mage = 71.75, range = 53-85 years) were older
adults from the Victoria Longitudinal Study. Latent growth modeling was used to examine BMI as
a predictor of level and change in three latent variables of cognition. The data were then stratified
by sex in order to test whether BMI effects differed for females and males. We adjusted for
selected medical, psychosocial, and demographic characteristics.

Results.—Higher BMI predicted less decline in EF, neurocognitive speed, and memory.
Interestingly, when the data were stratified by sex, higher BMI predicted less neuropsychological
decline across domains for females only. BMI was unrelated to cognitive aging trajectories for
males.

Conclusions.—We found that elevated BMI was a risk-reducing factor for cognitive decline
only for females. Results may be used to enhance the precision with which intervention protocols
may target specific subgroups of older adults.

Keywords
Victoria Longitudinal Study; aging; body mass index; obesity; cognition

Global prevalence rates of obesity have risen virtually unmitigated over the past 50 years
(Hruby & Hu, 2015). A recent study pooled body mass index (BMI) data for 129 million
participants in over 200 counties and found that, within the past four decades, we have
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transitioned from a world in which there was twice the number of underweight than
overweight persons, to one in which there are more obese than underweight individuals
(NCD Risk Factor Collaboration, 2017). This shift has been attributed to passive over-
consumption of energy dense foods (e.g., items rich in fats, extracted sugars, and refined
starches), together with progressive secular and age-related declines in physical activity
levels (Haslam & James, 2005; Hruby & Hu, 2015). Obesity is increasingly understood to
represent a complex, multifactorial disease with social, economic, lifestyle, environmental,
behavioral, and genetic origins (Hruby & Hu, 2015). Mounting literature indicates that these
factors often do not exert only direct effects, but rather have interactive or synergistic
associations with obesity risk (Hruby & Hu, 2015). For example, modifiable lifestyle factors
may be differentially associated with obesity as a function of age, sex, or ethnic background
(Boardley & Pobocik, 2009; Hruby & Hu, 2015; Siddarth, 2013). That notwithstanding,
obesity is recognized as one of the leading causes of preventable deaths (Hruby & Hu,
2015), and is expected to lead to the first decline in life expectancy in 100 years (Preston,
Vierboom, & Stokes, 2018). This is due in large part to the fact that overweight and obese
weight status are multisystem conditions that increase the risk of type 2 diabetes,
cardiovascular disease, cancer, and other comorbidities (de Mutsert, Sun, Willett, Hu, & van
Dam, 2014; Haslam & James, 2005; Vucenik & Stains, 2012). Although some of these
diseases are themselves associated with cognitive decline in aging (Biessels, Strachan,
Visseren, Kappelle, & Whitmer, 2014; Lutski, Weinstein, Goldbourt, & Tanne, 2017; Vega,
Dumas, & Newhouse, 2017), emergent research suggests that BMI may be independently
associated with adverse neurocognitive changes and outcomes.

Several recent reviews have established mid-life BMI as a risk factor for Alzheimer’s
disease (AD) and related dementias (Anstey, Cherbuin, Budge, & Young, 2011; Pedditizi,
Peters, & Beckett, 2016). Accordingly, BMI is a potential prognostic indicator of
progression of mild cognitive impairment and AD (Besser et al., 2014; Kim, Kim, & Park,
2016). Neuroimaging studies have also linked elevated BMI with pathological brain changes
prior to the onset of dementia (Shaw, Sachdev, Abhayaratna, Anstey, & Cherbuin, 2018).
Findings from the limited literature examining the impact of later-life BMI on normal
cognitive aging trajectories are equivocal: weight decline, weight increase, low BMI, and
high BMI have all been linked with reduced performance and steeper decline, and yet other
studies suggest that BMI does not affect cognition (for reviews see Bischof & Park, 2015;
Smith, Hay, Campbell, & Trollor, 2011). The cognitive domains purported to be most
sensitive to BMI effects also remains debatable (Prickett, Brennan, & Stolwyk, 2015). This
inconsistency has led to a growing appreciation that BMI-cognition associations are more
complex in older age than in early and mid-life (Smith, Hay, Campbell, & Trollor, 2011).
These connections should therefore be studied with longitudinal designs, replicated across
multiple cognitive domains, and examined in the context of important moderators. The
present study was designed to fill in these gaps.

Aspects of methodological variability have been identified as a source of inconsistent
findings. For instance, cross-sectional studies with a mean age up to 72 years report adverse
effects of high BMI on cognitive function, whereas studies with a mean age of 73 years and
above report risk-reducing effects (Smith et al., 2011). Contradictory findings from
prospective research are often attributed to differences across studies in the definition of
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mid- and later-life, sex distribution, and sample size (Emmerzaal, Kiliaan, & Gustafson,
2015). Longitudinal studies may also have short follow-up times and/or inappropriate
exclusionary criteria (e.g., do not exclude on the basis of dementia diagnosis or presence of
conditions known to affect cognitive function; Dahl & Hassing, 2013; Prickett, Brennan, &
Stolwyk, 2015). Such considerations make it difficult to differentiate cognitive decline as
predicted by body weight from cognitive decline as predicted by preclinical dementia (Dahl
& Hassing, 2013). We examined BMI-cognition relationships using longitudinal data
spanning a 40-year band of aging (53-95 years) for a large sample of normally aging
participants from the Victoria Longitudinal Study (VLS).

An additional methodological inconsistency in this area of research is measurement and
analysis. Most studies have examined how body weight affects cognitive function using
single neuropsychological indicators rather than latent variables (Dahl & Hassing, 2013).
This can be problematic for several reasons, including variability across tasks in cognitive
complexity and measurement error. In this study, we represent cognitive domains in a multi-
indicator latent variable approach. Specifically, we used multiple measured
neuropsychological indicators of each cognitive domain to represent and estimate scores on
underlying cognitive constructs. Such latent variables have several advantages over single-
or composite-variable approaches, including the ability to (a) correct for sources of
measurement error that affect the reliability of measurement, and (b) establish the content,
criterion, and construct validity of the latent variable under investigation (Little, 2013).
Thus, this study addresses the challenging problem regarding classification and
measurement of cognitive domains. Further, many studies employ neuropsychological
outcome measures that are argued to be inappropriate for use with normally aging samples.
For instance, the Mini-Mental State Exam and related measures of global cognitive function
are primarily intended to serve as dementia screening tools, yet they have been widely
employed in research conducted with normally aging older adults (Deckers, van Boxtel,
Verhey, & Koéhler, 2017; Prickett et al., 2015).

The present study examined the impact of BMI on three domains of cognition, including
executive function (EF), neurocognitive speed (henceforth referred to as speed), and
memory. We selected these domains on the basis of literature suggesting that differential
effects associated with body weight may be more pronounced for EF and speed-related tasks
(which may be sensitive to vascular compromise) as compared to memory tasks (which may
be more sensitive to hippocampal dysfunction and early AD; Bischof & Park, 2015).
Longitudinal studies that compare BMI effects across these domains are sparse and do not
point to a consistent pattern (Clark, Xu, Callahan, & Unverzagt, 2016; Deckers, van Boxtel,
Verhey, & Kohler, 2017), making this an important area of research attention.

Discrepant findings in BMI-aging research have also been attributed to variability across
studies in the covariates or moderators that are selected for inclusion. For example, Bischof
and Park (2015) noted in their review that several studies adjusted for comorbidities of
obesity (e.g., type 2 diabetes), whereas others prioritized psychosocial (e.g., depression) and
demographic (e.g., sex) characteristics (see also Dahl & Hassing (2013) for study-specific
details on statistical controls). The authors argued that this inconsistency limits our ability to
draw meaningful conclusions on obesity-cognition associations and suggest that future
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research should incorporate a range of potential covariates that may modify or mediate
weight-cognition associations (e.g., hypertension, type 2 diabetes, metabolic abnormalities,
education, and depression). In the present study, we controlled for the potential confounding
effects of a wide and representative set of covariates, including: education, pulse pressure,
type 2 diabetes, hardening of arteries, stroke, heart trouble, depressive symptoms, subjective
health, alcohol use, smoking status, and everyday physical activity.

Notably, we did not control for potential sex-related effects, but rather specifically examined
whether longitudinal BMI-cognition associations were moderated by sex. Our rationale for
exploring sex moderation is threefold. First, it was recently noted that weight-cognition
associations may be obscured in studies where sex is treated as a study covariate as opposed
to a grouping variable (Andrew & Tierney, 2018; Garcia-Ptacek, Faxén-1rving, Cermakova,
Eriksdotter, & Religa, 2014). A possible reason for this is that the strength and direction of
BMI effects may differ for females as compared to males. Second, limited research has
explored sex differences and findings from available studies are mixed. For example,
research from the Framingham Heart Study reported that, whereas obesity in females was
unrelated to cognition, obesity in males was associated lower scores on a composite measure
of global cognition (Elias, Elias, Sullivan, Wolf, & D’Agostino, 2005), as well as poorer
learning and memory performance (Elias, Elias, Sullivan, Wolf, & D’Agostino, 2003). In
constrast, other research found that obesity was associated with less global cognitive decline
for males and accelerated global cognitive decline for females (Han et al., 2009).
Interestingly, there are also studies that reported higher BMI was associated with a lower
dementia risk for females, whereas BMI was less associated (Dahl, Lopp&nen, Isoaho, Berg,
& Kiveld, 2008) or unassociated (Kim et al., 2016) with dementia risk for males.
Importantly, these studies did not examine sex differences the context of comparisons across
multiple cognitive domains (at the latent variable level) or in longitudinal trajectory
analyses. Third, sex differences in brain and cognitive aging performance are evident across
several domains (Ritchie et al., 2018; Weber, Skirbekk, Freund, & Herlitz, 2014). For
instance, a recent cognitive trajectory analysis showed that females often demonstrate higher
levels of performance and less susceptibility to age-related decline (McCarrey, Yang, Kitner-
Triolo, Ferrucci, & Resnick, 2016). At the same time, however, females are
disproportionately affected by AD in terms of disease severity, rate of progression, and
prevalence (Mazure & Swendsen, 2016), and reviewers have called for increased
investigation (Tierney, Curtis, Chertkow, & Rylett, 2017). When taken together, these studies
suggest that sex may moderate BMI-cognition associations. Evidence for this moderation
would be constituted by statistically significant differences in BMI-cognition trajectory
predictions for males and females.

The overarching aims of this study were to explore BMI as a predictor of level (i.e.,
performance at a statistical centering age) and slope (i.e., longitudinal change) of three
cognitive domains, specifically EF, speed, and memory. We performed analyses stratified by
sex in order to ascertain whether these associations differed between females and males. We
examined the following specific research goals (RG). RG1 examined whether continuous
baseline BMI independently predicted performance and change in each of the latent
cognitive variables. RG2 examined whether sex moderated the level and longitudinal BMI-
cognition relationships. We hypothesized that BMI would predict cognitive performance and
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decline for EF and speed, whereas memory would be less affected or unaffected by BMI. We
also anticipated that findings would differ for females relative to males; however, we did not
make a prediction regarding the direction of these effects (i.e., risk or protection).

Methods

Participants

Participants were community dwelling adults from the VLS. The VLS is a large-scale, long-
term investigation of neurocognitive aging as influenced by multiple biomarkers, including
functional, health, genetic, metabolic, and lifestyle characteristics (Dixon & de Frias, 2004).
The VLS and all data collection procedures were in full and certified compliance with
prevailing human research ethics guidelines and boards. Written informed consent was
obtained from all participants. The VLS includes longitudinal cohorts aged 53-85 at
recruitment. Continuing participants were tested at an average of 4.4-year intervals. The
source cohort for this study had three waves of longitudinal data. In line with established
procedures for accelerated longitudinal designs (Galbraith, Bowden, & Mander, 2017; Little,
2013), we used age as the metric of longitudinal change. This has the advantage of allowing
us to control for age-related effects and to improve interpretability of the results. The
resulting design covers a 40-year band of aging (McFall, McDermott, & Dixon, 2019).

The following exclusionary criteria were applied at the first wave: concurrent (or history of)
serious health conditions that may affect mortality or baseline cognitive health (e.g., self-
reported serious cardiovascular, cerebrovascular, head injury, or psychiatric conditions), as
well as a self-reported diagnosis of Parkinson’s disease or AD. We further applied the
following exclusionary criteria to the source subsample at baseline: Mini Mental State Exam
score < 24 (n= 4), missing data for BMI (7= 3), or BMI < 18.5 kg/m? (n= 7), and missing
data for over 50% of the neuropsychological tasks (i.e., more than 10; n=17). Descriptive
statistics for the remaining sample are outlined in Table 1 (7= 869; 573 females; Mage =
71.75, SD=9.10, age range = 53 — 95 years; primarily White, non-Hispanic). Participant
retention rates were 69% for W1 to W2 and 74% for W2 to W3.

Measures

The neuropsychological tasks employed have (a) been widely used and documented with
older adults in the VLS and related research, (b) established psychometric properties, and (c)
demonstrated sensitivity to functional biomarkers and neurocognitive factors (de Frias,
Dixon, & Strauss, 2009; McFall et al., 2019; McFall, Wiebe, Vergote, Anstey, & Dixon,
2015; Thibeau, McFall, Wiebe, Anstey, & Dixon, 2016). All tasks were (re)coded such that
higher scores represented better performance.

Executive Function.—In order to establish a single-factor EF latent variable, we used the
following eight manifest indicators that represented the inhibition (i.e., Hayling Sentence
Completion Test and Stroop Test), shifting (i.e., Brixton Spatial Anticipation Test and Color
Trails Test), and updating (i.e., Computation Span, Reading Span, Letter Sets, and Letter
Series) aspects of EF.
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Hayling Sentence Completion Test.: This task test measured initiation speed (Section 1; 15
items) and response suppression (Section 2; 15 items) in finding suitable words to complete
a sentence. Standardized scores were based on errors from Section 2 and the speed of
responses in both sections. These values were combined to obtain the final score which was
then used as the target measure (Bielak, Mansueti, Strauss, & Dixon, 2006; Burgess &
Shallice, 1997).

Stroop Test.: For this task, participants were required to ignore the automatic response of
reading a printed word and instead name the color of ink in which the word was printed.
This test consists of the standard three parts (Parts A, B and C), with the measures based on
latencies (de Frias et al., 2009; McFall, Sapkota, McDermott, & Dixon, 2016; Regard,
1981). The target measure was the standardized Stroop interference index ([Part C- Part A]/
Part A).

Brixton Spatial Anticipation Test.: Participants were presented with 10 different circles,
one of which was blue, while the remaining circles had no color. Participants were instructed
to guess where the blue colored circle would appear on subsequent pages. The target
measure was the total number of errors across 55 trials (Bielak et al., 2006; Burgess &
Shallice, 1997).

Color Trails Test (Part 2).: This test comprises two different sections in which participants
were asked to connect different attributes, such as numbered and colored circles. Latency
scores in the second of two sections were computed and used as the target measure (D’Elia,
Satz, Uchiyama, & White, 1996).

Computation Span.: Participants were instructed to solve a series of arithmetic problems
and to hold the final digit from each problem solved in memory for later recall. The number
of problems in a series increased from one to seven, with three trials at each series length.
The highest span correctly recalled for two out of three trials was the target measure
(Salthouse & Babcock, 1991).

Reading Span.: Participants answered questions about a series of short sentences and were
asked to hold the final word from each sentence in memory for later recall. The number of
sentences in a passage increased from one to seven. There were three trials at each series
length. The target measure was the highest span correctly recalled for two out of three trials
(Salthouse & Babcock, 1991).

Letter Sets.: Participants were presented with five sets of four letters (e.g., ABCD). They
were instructed to find the rule that made each set of letters alike, and to then circle the set of
letters that did not conform to this rule. The total number of correct responses out of 15
items was the target measure (Ekstrom, French, Harman, & Dermen, 1976).

Letter Series.: Participants were asked to identify the letter that would continue an
established pattern in a series of letters (e.g., ABDA BDAB...). The target measure was the
total correct out of 20 items (Thurstone, 1962).
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Speed.—In order to establish a single-factor speed latent variable, we used eight manifest
indicators as outlined below. Four of these tasks were multi-trial computer-based reaction
time tasks. For these tasks, we used correction procedures validated by the VLS to trim
extreme outliers from raw latency scores. We describe these techniques briefly below (for
more detail see Dixon et al., 2007; McFall, Wiebe, \ergote, Anstey, & Dixon, 2015).

Digit Symbol Substitution.: Participants were given 90 seconds to match symbols and
numbers in test boxes. The target measure was the number of correctly transcribed items
(Wechsler, 1981).

Verbal Fluency.: The following three measures were drawn from the Kit of Factor
Referenced Cognitive Tests (Ekstrom et al., 1976): Controlled Associations, Opposites, and
Figures of Speech. In the Controlled Associations test, participants were given one of four
target words and instructed to write as many words as they could within six minutes that
have the same or similar meaning as the target word. In the Opposites task, participants were
given one of four target words and were instructed to write as many words as possible within
five minutes that had the opposite or nearly the opposite meaning of the target word. In the
Figures of Speech task, participants were given one of five figures of speech and were
instructed to write as many words or phrases that would complete the figure of speech. The
target measure for each task was the total number of correct responses.

Simple Reaction Time.: Participants were presented with a warning stimulus followed by a
signal stimulus in the middle of the screen. They were instructed to press a key with their
preferred hand as quickly as possible when the signal stimulus appeared. A total of 10
practice trials followed by 50 test trials were administered. Ten randomly arranged trials
were presented at each of the 5 intervals separating the warning and signal stimuli (i.e., 500,
625, 750, 875, and 1,000 ms). The target measure was the average latency across 50 trials
(Dixon et al., 2007).

Choice Reaction Time.: A 2 x 2 grid matching the arrangement of keys on the response
console was displayed on the screen. For each block of 10 trials, participants were required
to attend to four plus signs. Following a 1000 ms delay, one of the plus signs was replaced
by a square. Participants were instructed to press the key corresponding to the location of the
square as quickly as possible. The target measure was the average latency across 20 trials
(Dixon et al., 2007).

Lexical Decision.: Participants were presented with a string of five to seven letters on the
computer screen and were asked to indicate as quickly as possible whether the letters formed
an English word (e.qg., isfand vs. nabion). A total of 3 practice trials and 60 test trials were
presented (30 words and 30 nonwords). The target measure was the average response latency
across 60 trials (Baddeley, Logie, Nimmosmith, & Brereton, 1985).

Sentence Verification.: A sentence was presented on the computer screen and participants
were asked to identify as quickly as possible the plausibility of the sentence (e.g., 7he tree
fell to the ground with a loud crashvs. The pig gave birth to a litter of kittens this morning).
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A total of 4 practice trials and 50 test trials were administered. The target measure was the
average latency across 50 trials (Palmer, Macleod, Hunt, & Davidson, 1985).

Correction Procedures.: Validated correction procedures were applied to each of the four
computer-based reaction-time tasks. Given that each task differed in cognitive complexity,
we applied varying lower and upper limits as follows: (a) simple reaction time, 150 ms lower
limit, 2500 ms upper limit, (b) choice reaction time, 150 ms lower limit, 4000 ms upper
limit, (c) lexical decision, 400 ms lower limit, 10,000 ms upper limit, and (d) sentence
verification, 1000 ms lower limit, 20,000 ms upper limit. We subsequently removed trials
that fell three standard deviations above or below the sample mean.

Memory.—In order to establish a single-factor memory latent variable, we used four
manifest indicators as follows.

Rey Auditory Verbal Learning Test.: For this task, participants were read 15 nouns and
asked to immediately recall as many nouns as possible. Participants completed five trials
using this same list. A second list of 15 unrelated nouns was then read aloud to participants
who were again asked to immediate recall as many nouns as possible (Trial B1). Finally,
participants were asked to recall nouns from the first list (Trial A6). The number of nouns
recalled from Trial B1 and A6 were used as the target measures (Lezak, 1983).

Word Recall.: Participants were presented with two categorized lists of 30 English nouns
and asked to remember as many words possible. They were given two minutes to study the
words and then had a five-minute period in which they wrote down as many words as they
could remember. The average number of correctly recalled words across the two lists was
the target measure (Dixon, Wahlin, Maitland, Hultsch, Hertzog, & Backman, 2004).

Digit Symbol Substitution.: Participants were asked to recall what number corresponded to
each of the symbols in the foregoing task. The target measure was the total number of
correct responses out of nine (Wechsler, 1981).

Body Mass Index.—Height and weight measurements were taken at each wave in
accordance with a standardized protocol. BMI was calculated for each participant by
dividing weight in kg by height in m2. Because general consensus on the definition of
obesity in the elderly has yet to be reached (Decaria, Sharp, & Petrella, 2012), we used
continuous BMI as the focal predictor in all analyses reported below. Results from an
unconditional latent growth model indicated that there was no variability across study
participants in the rate of change in BMI over the study duration (e.g., subgroups of
individuals with increased BMI, stability, or precipitous decline; see Table 3). For this
reason, we used BMI at baseline for all analyses reported below (see Table 1 for descriptive
statistics).

Covariates.—We selected potential baseline covariates on the basis of earlier BMI-aging
research. Potential covariates included self-reports of the following variables: total years of
education, type 2 diabetes (no or yes), hardening of arteries (no or yes), history of stroke (no
or yes), heart trouble (no or yes), experience of depressive symptoms or severe unhappiness
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over the past month (no or yes; derived from the Bradburn Affect Balance Scale; Bradburn,
1969), current alcohol use (no or yes), current smoking status (no or yes), health relative to
perfect (1 = very poor, 5 = very good), and impact of health on ability to perform physical
recreational activities (1 = gave up, 6 = improved). Participants also responded to four
questions related to how often they participated in everyday physical activities over a period
of two years (0 = never, 8 = daily). Responses were summed over the four-items (Thibeau et
al., 2016). Finally, we included a clinical assessment of pulse pressure (a proxy for arterial
stiffness; McFall et al., 2015) as a potential study covariate.

Statistical Analyses

Analyses included confirmatory factor analysis (CFA), longitudinal measurement invariance
testing, and latent growth modeling (LGM). These analyses were conducted using Mplus 8.0
(Muthén & Muthén, 2017). We centered age at 75 years for all LGM based on the following
criteria (a) this is the approximate mean of the 40-year span of data, (b) cognitive aging
research has established this as a common inflection point for such age spans (Dixon et al.,
2012), and (c) this practice mirrors earlier VLS research (e.g., McFall et al., 2015). We used
multiple imputations to estimate (a) age and factor scores for EF, speed, and memory that
were missing due to attrition and (b) between 3-15% of covariate data that were missing.
We selected this approach to handling missing data on the basis of literature indicating that
generalizations from studies using multiple imputations are superior to those from studies
using classical approaches to handling missing data (e.g., list-wise or pair-wise deletion;
Little, 2013). Data were assumed to either be missing at random (attrition) or missing
completely at random (item non-response; Little, 2013). In accordance with prevailing
conventions (Enders, 2011; Little, 2013), we generated 20 imputations of the data set and
pooled these for all conditional LGM.

Foundational Analyses.—In order to test and confirm basic characteristics of the data,
we performed a series of foundational analyses as outlined below. Analyses were performed
separately for each latent variable.

First, we verified that EF, speed, and memory could each be represented by a single-factor
latent variable using CFA. In brief, CFA allows researchers to test how well each indicator
represents the latent construct. This information is gleaned from statistical model fit and
factor loadings. Statistical model fit was determined using the following standard fit indexes:
€)] XZ for which a good fit would produce a non-significant result (i.e., p> .05; indicates
that the data do not significantly differ from the model-based estimates), (b) the comparative
fit index (CFI) for which fit is judged by a value of > .95 as good and > .90 as adequate, (c)
root mean square error of approximation (RMSEA) for which fit is judged by a value of

< .05 as good and < .08 as adequate, and (d) standardized root mean square residual (SRMR)
for which fit is judged by a value of < .08 as good (Little, 2013). Neuropsychological tasks
were determined to be strong indicators of the corresponding latent construct if factor
loadings were > .30 (L.ittle, 2013).

Second, we tested these models for longitudinal measurement invariance. Specifically, we
evaluated (a) configural invariance, which constrains the latent variable at each time point to
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be represented by the same set of indicators; (b) metric invariance, which constrains the
factor loadings of each indicator onto the latent variable to be equal across time points; and
(c) scalar invariance, which constrains the intercepts for each indictor to be equal across
time. The tenability of invariance assumptions were tested by comparing models with
unconstrained and constrained parameters using change in CFI, for which changes of < .01
suggest the assumption is reasonable (Little, 2013). We then estimated factor scores for each
latent variable and employed these in all subsequent LGM.

Third, we established the functional form of change for each latent variable using
unconditional LGM. We identified the best model for each latent variable by testing the
following models in sequence (a) a fixed intercept model, which assumes that there is no
variability between or within persons; (b) a random intercept model, which allows for
variability across persons in overall level but assumes no intraindividual change; (c) a
random intercept, fixed slope model, which allows for variability across persons in level but
assumes that each person changes at the same rate; and (d) a random intercept, random slope
model, which allows for variability across persons in both level and change (Singer &
Willett, 2003). Analyses for our focal RGs were subsequently performed. We describe these
in greater detail below.

RG1: BMI prediction of EF, speed, and memory growth models.—We used the
best-fitting unconditional LGM identified in foundational analyses as the baseline model
against which we tested a conditional LGM for which continuous baseline BMI predicted
performance and change in EF, speed, and memory. Analyses were performed separately for
each latent variable. Models were covariate adjusted using a three-step approach (Backman
et al., 2015). In the first step, we performed a conditional LGM for each latent variable that
included the entire pool of potential covariates, together with baseline BMI. Covariates that
were associated with level of performance and/or change at the criterion of p< .10 were
retained and included in a subsequent conditional LGM (step two). Covariates that showed a
significant association (p < .05) with level of performance and/or change were retained and
included in a final conditional LGM (step three).

RG2: Sex moderation of BMI-cognition relationships.—We examined whether sex
moderated BMI effects by testing two models for each latent variable. First, we stratified the
data by sex and tested a multiple-group model where baseline BMI predicted level and
change. Second, we tested a nested model where these effects were constrained to be equal
across sex. Evidence of moderation was inferred from a significant -2 log likelihood (—2LL)
difference statistic (Dat p < .10), which compared the unconstrained model to the
constrained model. For this analysis, we retained the same set covariates as in RG1.
However, in the event that a covariate was no longer a significant predictor for females or
males, it was dropped from the model. This approach allowed us to arrive at a parsimonious
model for each latent variable that adjusted only for the effect of significant covariates.

We also explored our data for an age x sex x BMI interaction. To do this, we stratified the
data into young-old (aged < 72 years) and old-old (aged > 72 years) age groups. We
controlled for potential confounds using the same approach as outlined above. Results of

Neuropsychology. Author manuscript; available in PMC 2021 May 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bohn et al.

Results

Page 11

these exploratory analyses were not significant and are thus not described in greater detail
below.

Foundational Analyses

Details on model fit indices and model comparisons are presented in Table 2 and 3,
respectively. Results of the CFA demonstrated that a single-factor latent variable model for
EF (as depicted in Figure 1), speed, and memory fit the data adequately and all indicators
had strong factor loadings (i.e., > .50) on the corresponding latent construct. Results for tests
of measurement invariance for EF showed full metric and partial scalar invariance (i.e.,
intercepts for Brixton were unconstrained, while the remaining intercepts were constrained
across time; final model fit indices: RMSEA = .04; CFI = .96; SRMR = .05). The speed
model showed full metric and full scalar invariance (final model fit indices: RMSEA = .07;
CFI =.91; SRMR =.10). The memory model had full metric and partial scalar invariance
(i.e., intercepts for Rey B1 were unconstrained while the remaining intercepts were
constrained across time; final model fit indices: RMSEA = .04; CFI = .98; SRMR = .07).
These results indicated that it was reasonable to proceed with analyses related to the key
parameters of each construct (Little, 2013).

We subsequently determined that the best-fitting unconditional LGM for each latent variable
was a random intercept, random slope model. These results permit three overall conclusions.
First, participants demonstrated significant variability in their level of EF (b=.752, p
<.001), speed (b= .734, p<.001), and memory performance (6= .812, p< .001). Second,
individuals showed significant decline in EF (M= -.068, p < .001), speed (M= -.070, p
<.001), and memory performance (M= -.074, p< .001). Third, there were significant
individual differences in the rate of decline observed for EF (6= .001, p<.001), speed (b
=.002, p<.001), and memory (b =.002, p< .001). Results for our two main RGs were as
follows.

RG1: BMI prediction of EF, speed, and memory growth models

Covariate adjusted results (see Table 4 for covariates that were significant predictors of
cognitive performance and/or decline) revealed that BMI did not predict level of
performance for EF (6= .003, p=.950), speed (6 =.016, p=.722), or memory (6= .010, p
=.816). However, BMI was related to change in EF (6= .006, p=.007), speed (6= .009, p
=.004), and memory (6= .007, p=.002). For all cognitive domains, higher BMI values
predicted less decline.

RG2: Sex moderation of BMI-cognition relationships

Analyses were performed using continuous BMI; however, for ease of interpretation, we
discuss significant results in this subsection in reference to the following values for BMI: 30
(i.e., within the obese range), 25 (i.e., within the overweight range), 20 (i.e., within the
normal weight range). Results for study covariates that were significant predictors of
cognitive performance and/or decline are outlined in Table 5.

Neuropsychology. Author manuscript; available in PMC 2021 May 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bohn et al.

Page 12

Sex moderation of BMI predicting EF.—Adjusted results for the unconstrained model
stratified by sex showed that BMI did not predict EF performance level for females (&
=.021, p=.670) or males (6= -.039, p=.605). However, BMI significantly predicted
change in EF for females (6= .008, p=.003) and not for males (6= .001, p=.858). Sex was
a significant moderator (D = 12.418, Adf=7, p=.090). As shown in Figure 2a, females with
a BMI of 30 (M= -.081) exhibited less decline relative to females with a BMI of 25 (M=
-.089) or 20 (M= -.097). Non-significant results for males are shown in Figure 2b.

Sex moderation of BMI predicting speed.—Adjusted results for the unconstrained
speed model stratified by sex showed that BMI was not a significant predictor of
performance level for females (b= .065, p=.228) or males (6= -.075, p=.365). However,
in line with the EF results, BMI significantly predicted change in speed for females (&
=.012, p<.001) and not for males (6= -.002, p=.814). Sex was a significant moderator (D
=21.044, Adf=17, p=.004). As depicted in Figure 3a, females with a BMI of 30 (M=
-.067) showed less decline relative to females with a BMI of 25 (M= -.079) or 20 (M=
-.091). Non-significant results for males are shown in Figure 3b.

Sex moderation of BMI predicting memory.—Adjusted results for the unconstrained
model stratified by sex showed that BMI did not predict memory performance level for
females (b= -.018, p=.707) or males (b=.107, p=.192). Consistent with the above
described results, BMI significantly predicted memory change for females (6=.007, p
=.010) and not for males (6= .007, p=.137). These results were moderated by sex (D=
64.844, Adf=17, p<.001). As shown in Figure 4a, females with a BMI of 30 (M= -.069)
exhibited less decline relative to females with a BMI of 25 (M= -.076) or 20 (M= -.083).
Non-significant results for males are shown in Figure 4b.

Discussion

Few studies have examined the impact of body weight and obesity on normal cognitive
aging trajectories, and our review indicated that results from available research are
contradictory. We sought to determine whether there were underlying consistencies in the
pattern of results by consolidating these dimensions of concern (i.e., longitudinal,
measurement, and analytical). Therefore, the two main goals of this study were to explore
the independent association between continuous BMI and neuropsychological performance
and decline across three latent variables and to determine whether these associations were
moderated by sex. We observed an identical pattern of effects across domains, in that BMI
was inversely related to cognitive decline. However, these associations were largely driven
by females. When the data were stratified by sex, elevated BMI predicted slower decline for
females, whereas males evinced comparable trajectories of cognitive decline regardless of
BMI. We discuss these findings in greater detail below.

RG1: BMI prediction of EF, speed, and memory growth models

Results indicated that higher BMI was associated with less decline in EF, speed, and
memory. Although these findings ran in contrast to our expectations that BMI effects would
be more pronounced for EF and speed-related tasks as compared to memory tasks (Bischof
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& Park, 2015), these findings extend an earlier systematic review concluding that cognitive
flexibility, speed, and memory domains are the most reliably affected, though the direction
of weight effects varied across studies (van den Berg, Kloppenborg, Kessels, Kappelle, &
Biessels, 2009).

It is interesting that we found higher BMI predicted less neuropsychological decline across
cognitive domains. The Baltimore Longitudinal Study of Aging also indicated that higher
BMI was associated with better performance and less decline on Trail Making Test A
(Gunstad, Lhotsky, Wendell, Ferrucci, & Zonderman, 2010). Later research reported that
increased adiposity predicted less decline on the Digit Symbol Substitution Test for
participants in the Cardiovascular Health Study (Luchsinger et al., 2013). More recently,
Arvanitakis and colleagues (2018) combined data from the Minority Aging Research Study
and the Memory Aging Project and reported that higher BMI predicted slower decline on
composite measures of semantic and episodic memory. Our study is one of the first to use a
latent variable approach to systematically examine BMI effects on cognitive aging
trajectories across each of these age-sensitive domains. These results thus make an important
contribution to the ongoing debate surrounding the obesity paradox (i.e., whether or not it
truly exists; Oreopoulos & Kalantar-Zadeh, 2009), and suggest that BMI may in fact be
inversely related to risk for adverse neurocognitive changes and outcomes in aging.

Although the pathophysiologic mechanisms of the obesity paradox remain largely unknown,
several researchers have argued that low BMI and weight loss may be secondary to
pathophysiological changes accompanying preclinical dementia (Atti et al., 2008). Indeed, a
recent study found that lower baseline memory scores predicted steeper decline in BMI
(Suemoto, Gilsanz, Mayeda, & Glymour, 2015). Subsequent research investigated the neural
substrates of later-life BMI-cognition associations and reported that decreasing BMI was
associated with cortical thinning in a number of regions across the frontal cortex bilaterally,
as well as in the left precuneus (Shaw et al., 2018). Although these findings buttress a
reverse causation hypothesis, this explanation is unlikely to account for the present findings
given that participants did not show variability in BMI decline. Specifically, it is possible
that participants with elevated BMI also had larger white matter volumes, possibly due to
increased density of the lipid-based myelin sheath (Walther, Birdsill, Glisky, & Ryan, 2010).
This in turn may have reduced the risk for cognitive decline. Further, elevated BMI likely
reflects accumulation of fat in various region of the body, including in the legs, and
increased leg fat mass in later life promotes glucose metabolism, which in turn has positive
effects on cognition (Snijder et al., 2004). It is also possible that selective mortality effects
may have given rise to this pattern of results. That is, individuals who are obese in later life
may represent hardy-survivors who possess other traits that are especially protective
(Oreopoulos et al., 2009). Although these mechanisms are largely speculative, these ideas
may spur future research efforts (e.g., longitudinal studies with neuroimaging, biological,
psychological, and social markers).

RG2: Sex moderation of BMI-cognition associations

Analysis of change trajectories revealed significant BMI-cognition relationships as
moderated by sex. Specifically, we found that higher BMI predicted less decline in EF,
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speed, and memory for females, whereas BMI was unrelated to neuropsychological decline
for males. We conducted a post hoc check to verify that these results could not be attributed
to the potential confounding effects of including participants who had experienced a stroke
(n=44; 5% of sample) or eventual diagnosis of neurodegenerative disease (i.e., AD or PD; n
= 13; 1% of sample). Exclusion of these participants revealed findings that were concordant
(although slightly attenuated, which is arguably to be expected when using a smaller,
restricted study sample) as those we originally reported.

Earlier research also reported that weight loss in postmenopausal females was associated
with worse performance on measures of EF, processing speed, and memory (Bojar et al.,
2015; Driscoll et al., 2011). However, these studies did not include male participants, nor did
they examine actual trajectories of cognitive change. Other research indicated that older
adults with higher continuous BMI had a lower dementia risk compared to those with lower
continuous BMI (Dahl, Loppdnen, Isoaho, Berg, & Kiveld, 2008). Interestingly, when the
data were stratified on the basis of sex, this association was significant for females and not
for males. The relationship between elevated BMI in later-life and reduced risk for cognitive
decline and impairment is also reported to be stronger for females as compared to males
(Kim et al., 2016). Our study extends these findings by examining the period of normal
cognitive aging, especially the trajectories preceding clinical impairment.

There are several potential explanations for the selective effects of BMI on cognitive decline
for females. First, bioactive insulin-like growth factor-1 levels are higher in females with
elevated BMI (Frystyk, Brick, Gerweck, Utz, & Miller, 2009), which may in turn promote
better cognitive function (Okereke, Kang, Ma, Hankinson, Pollak, & Grodstein, 2007).
Second, the hormone leptin is largely synthesized by adipocytes and circulates in the plasma
at levels commensurate with body fat (Considine et al., 1996; Maffei et al., 1995). Mounting
literature suggests that leptin has far reaching effects on central nervous system function,
including regulation of hippocampal synaptic plasticity and inhibition of cell death (Harvey,
Solovyova, & Irving, 2006; Morrison, 2009). Third, following menopause, the principal
estrogen (i.e., estrone) is largely produced in adipose tissue, and is therefore found
circulating at higher levels in females with elevated BMI (Rannevik et al., 2008). Estrogen
has several neuroprotection effects, including promotion of synaptic plasticity, nerve growth,
and cholinergic function, as well as reduced oxidative stress (Hara, Waters, McEwen, &
Morrison, 2015; McEwen, 2002). Important for the present research, there are a handful of
studies that link weight-cognition associations to estrogen. For example, Patel and
colleagues (2004) found that obese postmenopausal females had higher levels of estrogen
(i.e., estrone) and better neuropsychological function relative to non-obese females. The
Betula Project reported a positive association between BMI and estrogen (i.e., estradiol) and
reported that overweight postmenopausal females exhibited less cognitive decline relative to
normal weight comparisons (Thilers, MacDonald, Nilsson, & Herlitz, 2010). Taken together,
these studies suggest that estrogen may mediate the impact of BMI on cognitive aging
trajectories for older females. This question should be explored in future longitudinal
trajectory research.

We acknowledge several methodological limitations. First, it is possible that participants
may not be representative of the broadest population of older adults— the VLS initially
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selects individuals who are relatively healthy and free from neurodegenerative disease at
baseline. Although limited in global generalizability, this sample may reflect a growing
proportion of older adults in Western countries. Further, this positive selection fades with
aging (and time in study). Second, because participants in our study did not show significant
variability in BMI decline, we could not explore bidirectional effects. Rather, we tested
baseline BMI as a predictor of cognitive performance and decline. This is an important
limitation. Other researchers (Suemoto et al., 2015) have speculated that the risk-reducing
effect of BMI may be due in part to weight loss accompanying preclinical dementia (Stewart
et al., 2005) or secondary to incipient neuropathological changes that cause declines in both
weight and cognition (Sperling, Mormino, & Johnson, 2014). These possibilities should be
explored in samples for which BMI varies longitudinally. Third, because of unavailability,
our study did not incorporate additional measures of adiposity (e.g., waist-to-hip ratio and
waist circumference). As individuals age, fat mass increases and lean mass decreases. BMI
may therefore be a less reliable indicator of fat accumulation in older age (Pedditizi et al.,
2016). Although we cannot rule out this possibility, BMI remains a well-accepted surrogate
measure of body fat in epidemiological studies and in routine clinical practice (Decaria et
al., 2012). Further, BMI shows comparable cognitive effects relative to other measures of
adiposity (Gunstad et al., 2010; Waldstein & Katzel, 2006). Fourth, we do not have measures
related to diet or nutritional status in the VLS, and thus could not control for the potential
confounding effects of these characteristics. These variables should be considered in future
research.

Our study has several notable strengths. First, we tested and observed novel sex differences
in BMI as it relates to cognitive decline. These findings contribute to and extend earlier
research suggesting that BMI-cognition associations may be distorted in studies that do not
stratify on the basis of sex (Garcia-Ptacek et al., 2014). Future studies should also be
sufficiently powered to test and confirm sex moderation. Second, we used a substantial and
well-characterized longitudinal sample tested across a 40-year band of aging. Third, we used
an accelerated longitudinal design with age as the metric of change. This allowed us to
control for potential age-related effects, and in doing so, address an important limitation of
extant research (Deckers et al., 2017). Fourth, we investigated BMI biomarker effects using
contemporary statistical methods (i.e., structural equation modeling). This approach to
analysis is largely absent in weight-obesity research. Fifth, we used a large battery of well-
established manifest EF, speed, and memory neuropsychological tasks. This contributed to
validated, invariant, longitudinal latent variables. This approach has several advantages over
single and composite variable approaches, including the ability to (a) correct for
measurement error and (b) establish the content, criterion, and construct validity of the
cognitive domains under investigation (Little, 2013). It is important to note, however, that
these features of latent variables may serve to mask differential single variable results. Sixth,
we controlled for the potential confounding effects a wide range of medical, psychosocial,
and demographic characteristics. While this methodological approach addressed a prominent
and recurring criticism of BMI-aging research, it may have obscured or attenuated some of
the pathways by which BMI affects cognition in aging. Because participants in the VLS are
relatively healthy and free from comorbid conditions at baseline, we cannot rule out this
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possibility. This question should be examined with longitudinal samples that vary
considerably in terms of health status.

In conclusion, this study showed that, in a longitudinal sample representing a 40-year band
of aging, BMI was inversely related to cognitive neuropsychological decline across three
age-sensitive domains for females and was unrelated to cognitive trajectories for aging
males. These findings mark an important contribution to the sparse longitudinal literature on
domain-specific effects of BMI on normal cognitive aging. Future research would profitably
be directed towards replicating and extending these results (e.g., by considering additional
modifying risk and protection factors, such as genotype). Continued research efforts are
needed in order to generate practical recommendations regarding ideal body weight in older
age (Decaria et al., 2012). For now, our data suggest that older females may benefit from
maintaining higher BMI (i.e., lean body mass, perhaps through aerobic and resistance
training) and avoiding weight loss and nutritional deficit (Smith et al., 2011). Moreover,
clinicians should tailor weight loss recommendations to characteristics of the individual
patient.
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Public significance statement:

Across the globe, the proportion of older adults is on the rise. Research that examines
modifiable risk and protection factors for age-related cognitive decline is therefore
important. We report in this study that higher body mass index (BMI) was associated
with less decline in executive function, speed, and memory selectively for older females,
whereas BMI was unrelated to cognitive decline for older males.
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Figure 1.
Longitudinal confirmatory factor analysis model of executive function (EF). SET, Letter

Sets; SER, Letter Series; RSP, Reading Span; CSP, Computation Span. Standardized
loadings are shown. All loadings were significant at < .05. Residuals for each indicator were
correlated across waves (not depicted). Indicators with similar methodology were correlated.
Variance of the latent variable was fixed at 1.00 for scale setting.
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continuous baseline body mass index (BMI) as a predictor. The three levels of BMI are

depicted for ease of interpretation. Age in years was used as the metric of change and

centered at 75. BMI predicted cognitive decline for females and not for males. Sex was a

significant moderator.

Neuropsychology. Author manuscript; available in PMC 2021 May 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Bohn et al.

2.5

1.5

0.5

0.5

Speed Factor Score

-1.5

-2.5

2.5

1.5

0.5

-0.5

Speed Factor Score

-1.5

-2.5

Figure 3.

Females

55 65 75 85 95
Age in Years
——BMI=20 e BMI=25 == =BMI=30
Males

55 65 75 85 95
Agein Years

——BMI=20 e BMI=25 == —BMI=30

Page 24

Predicted growth curve model for speed factor scores by sex using continuous baseline body

mass index (BMI) as a predictor. The three levels of BMI are depicted for ease of
interpretation. Age in years was used as the metric of change and centered at 75. BMI

predicted cognitive decline for females and not for males. Sex was a significant moderator.
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Figure 4.

Predicted growth curve model for memory factor scores by sex using continuous baseline
body mass index (BMI) as a predictor. The three levels of BMI are depicted for ease of
interpretation. Age in years was used as the metric of change and centered at 75. BMI
predicted cognitive decline for females and not for males. Sex was a significant moderator.
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Participant Characteristics at Baseline by Sex

Characteristic Females Males
n (%) 573 (66%) 296 (34%)
Age (in years) 71.16 (9.39) 72.90 (8.39)
Body mass index (kg/m?) 26.85 (4.56) 26.85 (3.44)
Range 18.58-48.61 18.91-38.22
Education (in years) 14.82 (2.85) 15.80 (3.09)
Pulse pressure (mm Hg) 52.22 (10.40)  53.50 (9.59)
0, 0,
Type 2 diabetes? 38 (1%) 33 (11%)
0, 0,
Hardening of arteries? 51(9%) 31 (11%)
Stroke? 24 (4%) 21 (7%)
Heart trouble? 106 (19%) 85 (29%)
0, 0,
Depressionb 111 (19%) 32 (11%)
Health to perfectc 4.14 (76) 4.18(72)
Health impact on recreationd 4.18 (1.08) 4.30 (1.00)
Alcohol? 481 (84%) 266 (90%)
0, 0,
Smokinga 22 (4%) 15 (5%)
15.19 (4.60) 15.84 (6.09)

Everyday physical activitye

Note. Results are presented as mean (standard deviation).

aResuIts are reported as number (percent) of participants who responded yes to the question.

bParticipants indicated whether they experienced depressive symptoms or unhappiness over the past month.

Clndicated health relative to perfect on a scale of 1 “very poor” to 5 “very good”.

dReported impact of health on ability to perform physical recreational activities on a scale of 1 “gave up” to 6 “improved”.

elndicated frequency of participation in everyday physical activities over a period of two years on a scale of 0 “never” to 8 “daily”

summed over four-items.
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Goodness-of-Fit Indices for Body Mass Index, Executive Function, Speed, and Memory Unconditional Latent

Growth Models

Model -2LL Parameters free AlIC BIC D Adf
Body Mass Index
Fixed intercept 10,650.81 4 10,658.81 10,677.81 - -
Random intercept 9,068.69 5 9,078.69 910244 158 17* 1
Random intercept, fixed slopea 9,018.14 6 9.030.14  9,058.64 50.55 " 1
Random intercept, random slope 9,015.58 8 9,031.58 9,069.58 2.57 2
Executive Function
Fixed intercept 5,572.72 4 5,580.72 5,599.79 - -
Random intercept 3,852.99 5 386299 388682 171973* 1
Random intercept, fixed slope 2,650.38 6 266238  2,690.98 1op261F 1
Random intercept, random slopea 2,333.39 8 234939 238753 316.99" 2
Speed
Fixed intercept 5,5692.43 4 5,600.43  5,619.50 - -
Random intercept 4,362.82 5 437282 439666 10961* 1
Random intercept, fixed slope 3,444.05 6 3,456.05 348465 g1g77* 1
Random intercept, random slope? 32402 8 327002 330816 19003" 2
Memory
Fixed intercept 5,457.77 4 5,475.65 5,494.72 - -
Random intercept 3,793.33 5 383551  3859.35 1gpa44F 1
Random intercept, fixed slope 2,569.23 6 2,638.94 2,667.55 1,224.10 * 1
2,113.30 8 218452 222266  45593% 2

Random intercept, random slope

Note. -2LL = -2 log likelihood; AIC = Akaike information criterion; BIC = Bayesian information criterion; D = difference statistic (using —-2LL).

a -
Best fitting model.

Aok

p<.001
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Table 4

Adjusted Conditional Latent Growth Models for Executive Function, Speed, and Memory

Baseline BMI plus covariates Level Change B

EF model

Body mass index (kg/m?) 003 006
Education (in years)b 069" 003™*
Pulse pressure (mm Hg)b - -015™"
Type 2 diabetes? -.198" -
Hardening of arteries? - -022™
Health to perfectb 101" -
Health impact on recreationb - .009™*
Alcohol? 260" 0147
Speed model

Body mass index (kg/m?) 024 009%
Education (in years)b 049" 003~
Pulse pressure (mm Hg)b - -022™*
Type 2 diabetes? -328" .
stroke? - -033"
Depressiona - 012%
Alcohol? 228" -
Memory model

Body mass index (kg/m?) .010 007%
Education (in years)b 036" 00277
Pulse pressure (mm Hg)b 132" -010™
Hardening of arteries? - -014%
Heart trouble? - -.014™"
Depressiona - .009™
Everyday physical activityb - .001™*

Page 29

Note. Performance at age 75 (level) and 9-year change (slope) were only adjusted for the effect of significant covariates. BMI = body mass index;

EF = executive function.

a
Responses coded such that 0 = no and 1 = yes.

b
Grand mean centered.

Aok

p<.001

p<.01
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*

p<.05
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Adjusted Conditional Latent Growth Models as Stratified by Sex for Executive Function, Speed, and Memory

Baseline BMI plus covariates

Females

Level B Changep Levelp Changep

Males

EF model

Body mass index (kg/m?) 021 008 -.039 001
Education (in years)? 072 003 068* 003"
Pulse pressure (mm Hg)” . -.016™" - -.010"
Type 2 diabetes? -247" - -118 -
Hardening of arteries? - -.023™" - —.020
Health to perfectb 113" - 071 -
Health impact on recreationb - .008™" - 011"
A|COh0|a 299 015~ 151 .015
Speed model ¢

Body mass index (kg/m?) .065 o -075 -.002
Education (in years)b 053" 002" 055~ 005
Pulse pressure (mm Hg)” - -.023"" - -.016"
Type 2 diabetes? -415™" - —.224 -
Stroke? - -.042*" - -.016
Alcohol? 3417 - —.085 -
Memory modeICd

Body mass index (kg/m?) -.018 007% .107 .007
Education (in years)b 052" 003" 046 003"
Pulse pressure (mm Hg)b 240%  -010"" 159" 010"
Heart trouble? - -017™" - -015*
Everyday physical activityb - 0017 - .001”

Note. Performance at age 75 (level) and 9-year change (slope) were only adjusted for covariates that were significant for either sex. BMI = body
mass index; EF = executive function.

aResponses coded such that 0 =no and 1 = yes.

b
Grand mean centered.

C . I .
Depression was no longer a significant predictor and was dropped from the model.

dHardening of arteries was no longer a significant predictor and was dropped from the model.

HokA

p<.001

p<.01
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*

p<.05
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