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Abstract

Background Mounting evidence highlights the importance of combined modifiable lifestyle factors in reducing
risk of cognitive decline and dementia. Several a priori additive scoring approaches have been established; however,
limited research has employed advanced data-driven approaches to explore this association. This study aimed

to examine the association between data-driven lifestyle profiles and cognitive function in community-dwelling
Australian adults.

Methods A cross-sectional study of 4561 Australian adults (55.3% female, mean age 60.9 + 11.3 years) was
conducted. Questionnaires were used to collect self-reported data on diet, physical activity, sedentary time, smoking
status, and alcohol consumption. Cognitive testing was undertaken to assess memory, processing speed, and
vocabulary and verbal knowledge. Latent Profile Analysis (LPA) was conducted to identify subgroups characterised

by similar patterns of lifestyle behaviours. The resultant subgroups, or profiles, were then used to further explore
associations with cognitive function using linear regression models and an automatic Bolck, Croon & Hagenaars (BCH)
approach.

Results Three profiles were identified: (1) “Inactive, poor diet” (76.3%); (2) “Moderate activity, non-smokers” (18.7%);
and (3) "Highly active, unhealthy drinkers” (5.0%). Profile 2 “Moderate activity, non-smokers” exhibited better processing
speed than Profile 1“Inactive, poor diet”. There was also some evidence to suggest Profile 3 “Highly active, unhealthy
drinkers” exhibited poorer vocabulary and verbal knowledge compared to Profile 1 and poorer processing speed and
memory scores compared to Profile 2.

Conclusion In this population of community-dwelling Australian adults, a sub-group characterised by moderate
activity levels and higher rates of non-smoking had better cognitive function compared to two other identified
sub-groups. This study demonstrates how LPA can be used to highlight sub-groups of a population that may be at
increased risk of dementia and benefit most from lifestyle-based multidomain intervention strategies.
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Background

Dementia is a key concern for our ageing population, esti-
mated to affect approximately 50 million people world-
wide, with almost 10 million new cases per year [1]. In
Australia, dementia is the second leading cause of death
[2] and is associated with a significant financial burden
for governments, communities, families and individuals
[3]. Due to the progressive and currently incurable nature
of dementia, greater focus needs to be directed at factors
that may slow preclinical cognitive decline to ultimately
reduce incident dementia at the population level. Assess-
ing pre-clinical cognitive performance can be employed
as a marker of risk for neurocognitive disorders such as
mild cognitive impairment (MCI) and dementia, with
domains such as memory, processing speed and language
forming a subset of the diagnostic factors for such condi-
tions [4].

Non-modifiable risk factors such as age and genetics
are strong determinants of neurocognitive disorders [5].
However, there is increasing evidence that modifiable
factors can impact cognitive outcomes [1], with such fac-
tors estimated to account for up to 40% of dementia risk
[6]. Poor nutrition, excess alcohol consumption, smoking
and physical inactivity have been identified as key health-
related behaviours (HRBs) impacting on cognitive func-
tion and risk of late-life dementia [7—13]. These HRBs,
collectively known as ‘SNAP’ risk factors [14, 15], are not
only key in the context of neurodegeneration but have
been identified as leading causes of morbidity and mor-
tality worldwide [16, 17]. Various nutrients, food items
and dietary patterns have been linked to a reduced risk of
neurocognitive disorders [7, 8]. The MIND (Mediterra-
nean-DASH Intervention for Neurodegenerative Delay)
diet, characterised by increased consumption of brain-
healthy foods such as berries and leafy greens, and lower
intakes of foods such as red meat and discretionary items
has been linked to better cognitive function and reduced
risk for cognitive impairment and dementia [18-21].
These effects are likely due to the impact of dietary factors
on inflammation, oxidative stress and vascular health, all
risk factors for cognitive decline [22]. There is also strong
evidence to support the benefits of regular physical activ-
ity (PA) for brain health in mid- and late-life [9]. Possible
mechanisms attributed to this effect include the impact
of PA on lowering psychological stress, ameliorating vas-
cular and metabolic risk factors, and increasing cognitive
reserve, brain volume, brain-derived neurotrophic fac-
tor (BDNF) and amyloid clearance [22]. Smoking is an
established risk factor for cognitive decline and dementia
[13, 23], likely because of resultant increases in oxidative
stress and other effects on inflammatory, vascular and
degenerative processes [24]. The alcohol-cognition link
is nuanced with excessive alcohol consumption linked
to increased risk for neurodegenerative conditions, yet
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some evidence indicates that light-moderate alcohol con-
sumption may be protective against dementia [11, 12].
Excess alcohol consumption likely has implications for
dementia risk through several mechanisms including
neuroinflammation, neurotoxicity, nutritional deficiency,
amyloid aggregation and changes in neurotransmitter
systems [25]. Possible protective effects may be attributed
to intakes of specific forms of alcohol, such as wine, and
the presence of flavonoids [22].

Much research has examined the role of individual
HRBs in association with cognition and neurodegen-
erative conditions. However, it is more likely that these
behaviours co-occur and/or cluster [26—28]. Understand-
ing the clustering of key HRBs and associations with
brain health may provide important insights to inform
population interventions to improve HRBs and reduce
risk of neurodegenerative conditions such as dementia.
An increasing number of studies have explored the asso-
ciation between combined modifiable risk factors and
cognition [29], however, majority have employed addi-
tive index-based approaches, whereby individual risk
factors are summed to provide a total score. This results
in a score that is simple to interpret and aggregate. How-
ever, many of the commonly included lifestyle factors
are interrelated and thus may be more likely to act in a
multiplicative or synergistic manner, rather than follow-
ing an additive relationship. An index-based approach
facilitates exploration of the dose-response association
between modifiable risk factors and cognitive outcomes,
but it is generally not possible to discern between spe-
cific combinations of factors. Data-driven person-cen-
tred approaches such as Latent Class Analysis (LCA)
and Latent Profile Analysis (LPA) account for underlying
associations between HRBs and enable detailed charac-
terisation of identified sub-groups.

Whilst it is the case that unhealthy behaviours such as
smoking and alcohol consumption often cluster together
in adult populations [15, 28, 30], there is also evidence
to suggest clustering of heterogenous combinations of
HRBs. For instance, a previous study in a Dutch popu-
lation found significant clustering between all combina-
tions of smoking, fruit and vegetable intake, excessive
alcohol, and low PA, with the exception for low PA and
excessive alcohol consumption [30]. Similarly, in an
English population, it was reported that the combina-
tion of heavy drinking and lack of activity had a lower
than expected prevalence [28]. As previous literature has
indicated, healthy HRBs do not always cluster with other
healthy HRBs and unhealthy HRBs do not always cluster
with other unhealthy HRBs. Heterogenous groups are
commonly observed. This is where advanced data-driven
approaches can assist and go beyond the dose-response
type findings that can be observed through an additive
index-based approach.



Dingle et al. BMC Public Health (2022) 22:1990

Employing LPA to provide person-centred insights
into clustering of key HRBs (diet, PA, smoking, alcohol)
and associations with cognition in a general Australian
population may provide important insights to assist in
policy development, identification of at-risk subgroups,
and refinement of existing strategies and recommenda-
tions. To the best of the authors knowledge, no studies to
date have explored clustering of key HRBs in a large rep-
resentative Australian sample and associations with cog-
nitive function. Therefore, the aims of this study were to
identify sub-groups, or profiles, of individuals based on
lifestyle-related behaviours and to examine associations
between these profiles and cognitive function in commu-
nity-dwelling Australian adults.

Methods

Study population

The Australian Diabetes, Obesity and Lifestyle Study
(AusDiab) is a large national population-based study
with the primary purpose of determining the prevalence
and incidence of obesity, diabetes and other cardiovas-
cular disease risk factors in Australian adults aged>25
years [31]. A detailed description of the methodology
has been reported elsewhere [31]. Briefly, baseline data
were collected in 1999-2000 and included 11,247 Austra-
lian adults (5,049 men, 6,198 women). Sample selection
involved stratified cluster sampling from the six states
and the Northern Territory based on census collector
districts. For all participants, information was collected
on demographics, medical and family history, physi-
cal measurements, and lifestyle behaviours, with blood
and urine measurements also included. A follow-up was
conducted in 2011-12 in 4,614 participants (2,062 men;
2,552 women). Cognitive assessment was conducted for
consenting participants (n=4,561) who attended sur-
vey sites in the third wave of data collection (2011-12).
Written informed consent was obtained from all par-
ticipants prior to commencing the study. Ethics approval
was obtained from the ethics committees of the Interna-
tional Diabetes Institute, Monash University and Alfred
Hospital [32]. An ethics exemption was also granted by
the Deakin University Human Research Ethics Commit-
tee (DUHREC) for the use of the data in this manuscript
(2022-089). All participants were de-identified. The cur-
rent study involves a secondary cross-sectional analy-
sis of information obtained at the 2011-12 follow-up to
assess the association between lifestyle profiles and cog-
nitive function.

Lifestyle behaviours

Diet

A validated Food Frequency Questionnaire (FFQ) devel-
oped by the Anti-Cancer Council of Victoria (CCV) was
used to collect data on dietary intake [33]. For each item
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on the FFQ, there were 10 possible frequency options
ranging from ‘never’ to ‘3 or more times per day’. MIND
diet scores were calculated. The MIND diet combines the
Mediterranean and DASH diet with a particular focus on
dietary components that are reported to be neuroprotec-
tive [20]. The MIND diet is comprised of 15 components:
10 brain healthy foods (green leafy vegetables, other veg-
etables, nuts, berries, whole-grains, fish, poultry, olive oil
and wine) and five less healthy foods (red meat, butter/
margarine, cheese, pastries and sweets, and fried/fast
food). Each MIND diet component was scored a 0, 0.5
or 1 according to the methodologies employed in previ-
ous studies [20, 21] and a total MIND diet score was cal-
culated by adding the individual component scores. The
CCV FFQ did not include questions for butter/margarine
or olive oil consumption as separate items, so these were
omitted from the MIND score calculation in the current
study. The possible range of MIND scores in the cur-
rent sample was 0—13, which aligns with an established
approach [19]. Increasing scores reflect better adherence
and healthier diet.

Physical activity

A validated self-reported questionnaire, the Active Aus-
tralia Survey (AAS), was used to determine PA in the pre-
vious 7 days [34]. The survey includes eight questions to
assess participation in a variety of activities (e.g., walking,
vigorous gardening or heavy work around the yard, vigor-
ous PA). The AAS has been shown to provide a reliable
and valid estimate of PA among adults [35]. As previously
reported [36, 37], total PA was calculated by summing
the time spent walking (if continuous and >10 min), the
time spent doing moderate-intensity activities plus the
time spent participating in vigorous PA (doubled). Total
PA (hours per week)>1680 min (28 h) were recoded to
1680 min (28 h) to avoid errors due to over-reporting, in
line with the Active Australia Manual [34].

Sedentary status

Sedentary status was assessed by total sitting time with
participants self-reporting sitting time, separately for
weekdays and weekend days, over the previous 7 days,
across five different contexts (occupational, transport,
television viewing, leisure-time computer use and “other”
sitting). These questions were devised for the Aus-
Diab study specifically and the total sitting time (sum of
each of the five contexts) has previously been validated
against total sitting time measured by activPAL (r=0.46
[95% CI: 0.40, 0.52]) [38]. The average total screen time
for a weekday and a weekend were calculated and those
with implausible sitting time on a weekday or weekend
day (>18 h) were recoded to 18 h to avoid errors due to
over-reporting [39]. A total weighted average daily sit-
ting time (h/day) was then calculated as the sum of all
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forms of sitting and then applying the following equa-
tion [(hours/day average weekday*5+hours/day average
weekend*2)/7)].

Smoking
Smoking status was divided into three categories: “cur-
rent smoker’, “former smoker” or “non-smoker”.

Alcohol

Alcohol consumption was assessed using responses to
the CCV FFQ. Participants were asked ‘Over the last
12 months, how often did you drink beer, wine and/or
spirits?” with response options ranging from ‘never’ to
every day’. Participants were also asked ‘Over the last
12 months, on days when you were drinking, how many
glasses of beer, wine and/or spirits altogether did you
drink?’ with response options ranging from 1 to 210. The
participants were prompted to convert the amount they
usually consumed into standard drinks with the help of
conversion examples. These data were converted into a
continuous measure expressed in grams of ethanol per
day [40]. Participants were also asked to indicate the
maximum number of drinks they consume in a 24-hour
period with the following question “Over the last 12
months, what was the maximum number of glasses of
beer, wine and/or spirits that you drank in 24 hours?”
Alcohol consumption was then divided into three cat-
egories based on the most recent National Health and
Medical Research Council (NHMRC) recommendations
for alcohol consumption in adults [41]: “Non-drinkers”
(no alcohol consumed), “Drinkers meeting recommen-
dations” (adhering to the recommendation of no more
than 10 standard drinks (100 g ethanol/week) and no
more than 4 standard drinks on any one day) and “Drink-
ers above recommendations” (exceeding the recommen-
dations, i.e., >10 drinks per week and/or more than 4
drinks in a 24-hour period). This categorisation is in line
with the World Health Organisation (WHO) Guidelines
for Risk Reduction of Cognitive Decline and Dementia,
citing extensive evidence on excessive alcohol as a risk
factor for dementia and cognitive decline [1].

Cognitive function

Vocabulary and verbal knowledge was tested using the
Spot-the-Word (STW) test [42]. This test involved pre-
senting participants with pairs of words and instructing
them to identify the real word when presented with a
real word and a false word. If correctly identified a score
of one was allocated. Participants were presented with
60 pairs resulting in a total score ranging from 0 to 60.
The California Verbal Learning Test (CVLT) was used to
assess memory [43]. This test involved participants listen-
ing to a list of 16 common shopping list items read by the
interviewer and subsequently repeating as many of these
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items as possible (immediate recall). After 20 min, par-
ticipants were again asked to recall as many items as they
could (delayed recall). For each item correctly recalled a
score of one was allocated, resulting in a total score rang-
ing from 0 to 16. Processing speed was assessed using the
Symbol-Digit Modalities Test (SDMT) [44]. Participants
were provided with a reference key and allowed 90 s to
match geometric figures with specific numbers. The total
score ranged from O to 120.

Confounders and other variables of interest
Age, sex, education, and country of birth were self-
reported. Participants were asked to specify their high-
est levels of education completed and responses were
coded into three categories: (a) none, primary or some
high school, (b) completed high school, year 12 or
equivalent, or (c) completed university, TAFE, or equiv-
alent. Previous classifications for ethnicity utilised in
this dataset, characterised by ‘Europid’ or ‘non-Europid;,
were employed [45, 46]. Europids included those both
in Australia, Canada, USA, New Zealand and Northern
Europe, whereas non-Europids included individuals born
in Southern Europe, the Middle East, Asia, India and Sri
Lanka, Africa, Pacific Islands, and South and Central
America. Aboriginal Australians and Torres Strait Island-
ers were also classified as non-Europids. Data on country
of birth data was obtained from baseline (1999-2000).
Depression was assessed using a shortened version of
the Centre for Epidemiologic Studies Depression Scale
(CES-D), comprising 10 questions focused on recent feel-
ings and behaviours over the previous week [47]. Height
and weight were measured using standard techniques
from which BMI was calculated (weight (kg) divided by
height (m)?). Participants were classified as having dia-
betes if they reported having doctor-diagnosed diabetes
and were either taking hypoglycaemic medication or had
a fasting plasma glucose (FPG) =7 mmol/l or 2-hour PG
>11.1 mmol/l. Blood pressure (BP) measurements were
performed while seated (after 5 min rest) using an auto-
mated monitor (Dinamap Pro-Series Monitor Model DP
101-NIBP, pulse and recorder; GE Systems, Friburg, Ger-
many). The average of two BP measurements was calcu-
lated. Hypertension was coded as a binary variable and
defined as having a systolic BP (SBP) of 2140 mmHg and/
or 290 diastolic BP (DBP) mmHg or those on anti-hyper-
tensive medication [48]. Presence of cardiovascular dis-
ease (CVD) was identified as anyone who self-reported
being told by a doctor or nurse that they have had angina
and/or heart attack.

Statistical analyses

Latent profile analysis

Latent profile analysis (LPA) was performed in Mplus
Version 8.6 (Muthen & Muthen, Los Angeles, CA, USA)
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with full information maximum likelihood estimation
to identify distinct lifestyle profiles [49]. Models with
1-6 profiles were tested, and fit indices examined to
determine most appropriate profile solution including:
Akaike Information Criterion (AIC), Bayesian Infor-
mation Criterion (BIC) and adjusted BIC (lower values
indicating better model fit); entropy (range 0-1, with
values closer to 1 indicating better class separation); Lo-
Mendell-Rubin Likelihood Ratio test (LMR-LRT) and
bootstrapped likelihood ratio test (BLRT) value [50].
The LMR-LRT and BLRT tests compare the fit of a tar-
get model (k-profiles) to a model that specifies one fewer
class (k-1 profiles). The “higher class” (k) solution is con-
sidered superior when p values<0.05, whereas the “lower
class” (k-1) solution is considered superior when p>0.05.
Along with consideration of these fit indices the final
decision on number of profiles selected was informed by
interpretability, preferring a model whose profile separa-
tion was the simplest to articulate, and for which relative
size of profiles was no lower than approximately 5% of
the sample [50].

Associations with cognitive function

After determining the optimal number of profiles, we
exported the profile assignment based on highest prob-
ability classification into Stata/SE version 17 [51]. For
further characterisation of profiles, associations between
profile membership and several key variables were exam-
ined using chi-square tests for categorical variables and
one-way ANOVAs with multiple pairwise comparisons
using a Bonferroni adjustment for continuous variables.
Associations between profile membership and cognitive
function were examined using linear regression mod-
els with case-wise exclusion for missing data. Cognitive
test scores were standardised prior to inclusion in both
unadjusted and adjusted models to allow for cross-com-
parison across tests. Confounders/covariates included
in the model were determined by the use of a directed
acyclic graph (DAG) (DAGitty version 2.3) (refer to Sup-
plementary Fig. 1 ), informed by background literature
[52]. Models were adjusted for age, sex, education and
ethnicity. Other risk factors such as BMI, hypertension,
depression, CVD, diabetes that likely lie on the causal
pathway were omitted from the adjusted model. These
are considered intermediary variables in our DAG, and
overadjustment for such variables can be considered to
reflect overadjustment bias [53]. As part of sensitivity
analyses we also employed the automatic BCH approach
to explore pairwise comparisons between cognitive test
scores across classes [54]. The BCH approach accounts
for possible class/profile classification error by using
a weighted multiple group analysis to evaluate means
across classes/profiles for a continuous auxiliary variable.
The BCH method has been shown to outperform other
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methods and avoid shifts in latent classes with the intro-
duction of auxiliary variables [54].

Results

The analytic sample comprised 4561 participants (55.3%
female, mean age 60.9 £ 11.3 years) with cognitive data
at the third wave of the AusDiab follow-up. Compared to
those missing from baseline (1999-2000, N=6,686), the
analytic sample did not differ in regard to gender distri-
bution, however they were on average, younger (mean
48.9 vs. 53.3 years, p<0.0001); less likely to be current
daily smokers (10.1% vs. 17.5%, p<0.001); more likely to
be physically active (4.7 vs. 4.4 h/week, p<0.01), have
a higher consumption of alcohol (13.5 vs. 11.7 g/day,
p<0.0001); have better adherence to the MIND diet (6.5
vs. 6.3, p<0.0001); exhibit lower body mass index (BMI)
(26.6 vs. 27.3, p<0.0001); less likely to have CVD (4.1%
vs. 11.4%, p<0.001) and less likely to have diabetes (5.5%
vs. 12.0%, p<0.001).

Latent profile analysis

Model fit statistics for each model are shown in Table 1.
The information criteria (i.e., AIC, BIC, aBIC) decreased
when number of latent profiles was increased. Log-
likelihood also increased according to increased num-
ber of profiles. Entropy was close to 0.9 for 2-5 class
approaches, indicating that individuals are well-classified
into profiles [50]. Profile proportions were also consid-
ered whereby all groups should constitute at least 5% of
the total sample [50]. Based on consideration of model
fit indices, interpretability of profiles and profile propor-
tions, the three-profile solution was selected for all sub-
sequent analyses.

Lifestyle behaviours across profiles

The estimates for the lifestyle behaviours (means for
continuous variables and response probabilities for cat-
egorical variable) within each of the three classes are pre-
sented in Table 2. Profile 1 was the most common group,
comprising 76.3% of the sample. This group was labelled
“Inactive, poor diet’, demonstrating the lowest MIND
diet score, lowest time spent doing PA, highest seden-
tary time, highest probabilities of being a non-drinker
or drinker meeting recommendations (14.2% and 50.3%,
respectively) and highest probability of being a cur-
rent smoker (5.9%) (Table 2). Profile 2 comprised 18.7%
of the sample and was labelled “Moderate activity, non-
smokers” This group had the highest MIND diet score
(although very similar to Profile 3), moderate PA levels,
moderate sedentary time, moderate probability of being
a drinker meeting recommendations (48.6%) and high-
est probability of being a ‘never smoker’ (60.7%). Pro-
file 3 was the smallest group, comprising only 5.0% of
the sample and was labelled “Highly active, unhealthy
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Table 1 Model fit statistics for each of the fitted Latent Profile Analysis (LPA) models

Statistic 1 profile 2 profiles 3 profiles 4 profiles 5 profiles 6 profiles

Log-likelihood -40613.06 -39871.65 -39498.89 -39316.81 -39158.07 -39082.47

FP 10 18 26 34 42 50

AIC 81246.11 79894.90 79049.78 7870161 78400.14 78264.93

BIC 8131034 79894.90 79216.76 78919.98 78669.88 78586.05

adjusted BIC 81278.56 79837.70 79134.14 78811.94 78536.42 78427.17

Entropy N/A 0.90 0.88 0.86 0.88 0.77

ALMR-LRT N/A 1461.13, P<0.0001  734.62, P<0.0001 358.84, P<0.0001 312.83,P<0.0001 149.00, P=0.139

BLRT N/A P<0.0001 P<0.0001 P<0.0001 P<0.0001 P<0.0001

Class proportions 100% 88.5%, 11.5% 76.3%, 18.7%, 5% 62.6%, 23.9%, 9.5%, 59.1%, 24.1%, 33.3%, 25.0%, 25.0%,
4.0% 10.4%, 3.8%, 2.6% 10.4%, 3.8%, 2.6%

AIC Akaike Information Criterion, BIC Bayesian Information Criterion, BLRT Bootstrapped-Likelihood Ratio Test, FP Free Parameters, LMR Lo-Mendell-Rubin, LRT

likelihood ratio test

?Adjusted Lo-Mendell-Rubin likelihood ratio test for k versus k-1 profiles. Values are two times the loglikelihood difference and corresponding p-value

Table 2 Estimated response means (for continuous variables) and probabilities (for categorical variables) in each lifestyle profile

Lifestyle behaviour
n=3472(76.3%)

Profile 1 “Inactive, poor diet”

Profile 3 “Highly active,
unhealthy drinkers”
n=226 (5.0%)

Profile 2 “Moderate activity,
non-smokers”
n=850 (18.7%)

MIND? 6.82[6.77,6.87] 7.19(7.07,7.30] 7.1716.97,7.37]
PA (hours/week) 3.03[2.88,3.18] 11.91[11.45,12.36] 23.77 [23.04, 24.50]
Sedentary time (hours/day) 6.85 [6.75, 6.94] 649 [6.29, 6.69] 6.33 [5.97,6.68]
Non-drinker 0.1410.13,0.15] 0.09[0.07,0.12] 01[0.06,0.14]
Drinker meeting recommendations 0.50[049,0.52] 049 [0.45,0.53] 0.4310.37,0.50]
Drinker exceeding recommendations 0.36 [0.34,0.37] 0.42[0.38,0.46] 0.471[0.39,0.53]
Current smoker 0.06 [0.05, 0.06] 0.05 [0.03, 0.06] 0.05[0.02,0.08]
Ex-smoker 0.35[0.33,0.37] 0.34[0.31,0.38] 0.39[0.33,0.46]
Never smoker 0.59[0.53,0.61] 0.611[0.57,0.64] 0.56 [0.49,0.62]

#MIND scores range from 0-13, with higher scores indicating greater adherence

Figures presented as mean [95% Cl] for continuous variables and probability [95% Cl] for categorical variables

drinkers” (Table 2). This group had a moderate MIND
diet score (although very similar to Profile 2), high levels
of PA, lowest sedentary time, highest probability of being
a drinker exceeding recommendations (46.5%) and low-
est probability of being a ‘never smoker’ (55.5%).

Additional analyses were carried out to explore the
contribution of each activity component (walking, mod-
erate PA, vigorous PA) to total mean PA values. In rela-
tion to vigorous PA, Profile 3 exhibited approximately
6.6 h per week compared to <0.5 h per week for Profile
1 and approximately 2.3 h per week for Profile 2. In terms
of moderate PA, Profile 3 engaged in approximately 4.2 h
per week compared to <0.5 and approximately 2.3 h per
week for Profile 1 and Profile 2, respectively. Lastly, for
walking time, the mean for Profile 1 was just under 2 h
per week, approximately 5.5 h per week for Profile 2 and
around 8 h per week for Profile 3.

Sample characteristics across lifestyle profiles

Profile 3 had a significantly lower proportion of females
compared to Profiles 1 and 2 (Table 3). There were no
significant differences in mean age across profiles. Pro-
file 3 had the lowest proportion of non-Europids (1.8%),

followed by Profile 2, with Profile 1 exhibiting the highest
proportion (9.0%). Profile 3 had the highest proportion
of individuals who had completed the highest level of
education, i.e., university, TAFE or equivalent and high-
est income bracket ($80,000+), followed by Profile 2 and
then Profile 1. BMI was highest in Profile 1 at 28.1 kg/m?,
followed by Profile 2, with Profile 3 exhibiting the lowest
mean BMI at 25.8 kg/m?. Profile 2 had the lowest propor-
tion of individuals with hypertension, CVD, and diabetes.
In terms of depression scores (CESD) both Profile 2 and
Profile 3 had significantly lower mean scores compared
to Profile 1.

Associations between lifestyle profiles and cognitive
function

Results from linear regression models between profile
assignment (based on highest probability classification)
and cognitive test scores (standardised) are presented
in Table 4. Adjusted models included key confounders
age, sex, ethnicity, and education. Profile 2 Moderate
activity, non-smokers’ exhibited significantly better pro-
cessing speed than Profile 1 Tnactive, poor diet’ in unad-
justed models (p=0.008) but fell just short in adjusted
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Table 3 Sample characteristics within each lifestyle profile (using final 3-profile model approach)?
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Profile 1“Inactive, Profile 2“Mod- Profile 3 “Highly Comparison p-value

poor diet” erate activity, active, unhealthy

n=3472(76.3%) non-smokers” drinkers”

n=850 (18.7%) n=226 (5.0%)

Female, n (%) 2009 (57.9%) 413 (48.6%) " 93 (41.2%) " X2 (2): 43.02 <0.001
Age in years, mean (SD) 60.9 (11.5) 60.2 (10.5) 59.7 (10.1) F (2,4545): 2.48 0.084
Highest level of education, n (%) x2 (4):1891 0.001
None, primary or some high school 987 (33.1%) 194 (27.0%) " 47 (23.6%) "
Completed high school, year 12 or equivalent 676 (22.7%) 166 (23.1%) " 43 (21.6%) "
Completed University, TAFE or equivalent 1317 (44.2%) 358 (49.9%) " 109 (54.8%) "
Income, n (%) x> (4): 2058 <0.001
<$49,999 938 (30.5%) 195 (24.6%) " 41 (19.6%) "
$49,999 - $79,999 855 (27.8%) 236 (29.8%) 61(29.2%) "
$80,000+ 1284 (41.7%) 361 (45.6%) " 107 (51.29%) "
Ethnicity X2 (2):21.24 <0.001
Europid 3152 (91.0%) 799 (94.0%) " 222 (98.29%) ™
Non-Europid 313 (9.0%) 51 (6.0%) " 4(1.8%) "
BMI (kg/m?), mean (SD) 28.1(5.4) 269 (4.6)" 258 (4.1%) " F(2,4540):3225  <0.0001
Hypertension, n (%) 1531 (44.2%) 299 (35.3%) " 86 (38.1%) x> (2): 23.87 <0.001
CVD, n (%) 150 (4.6%) 29 (3.5%) 8 (3.7%) X% (2):1.84 0.399
Diabetes, n (%) 147 (4.2%) 23 (2.7%) " 6 (2.7%) x2 (2):5.24 0073
CESD depression score, mean (SD)b 43 (4.6) 36 (40" 3.038)" F(2,4434):16.74 <0.0001

?Results are presented based on highest probability profile assignment

BCESD scores ranged from 0-30 with higher scores indicating increased risk of depression

Post hoc testing: A Significant difference from Profile 1 (p<0.05), * Significant difference from Profile 2 (p<0.05)

Table 4 Associations between lifestyle profiles and cognitive function (using standardised cognitive test scores, z-scores)

Memory (CVLT), n=4502

Processing speed (SDMT), n=4511

Vocab & Verbal knowledge (STW),

n=4502

Unadjusted Adjusted Unadjusted Adjusted Unadjusted Adjusted

B [95% ClI] B [95% ClI] B [95% CI] B [95% ClI] B [95% CI] B [95% CI]
Profile 1 (Refer- Profile 2 0.06 [-0.01,0.14]  0.06 [-0.01 0.14] 0.10[0.03,0.18] ** 0.06 [0.00,0.12] 0.03 [-0.05,0.10]  -0.00[-0.08, 0.07]
ence Group) Profile 3 -0.06 [-0.19,0.07] -0.10 [-0.23, 0.03] 0.04 [-0.09,0.18] -0.08 [-0.19, 0.03] -0.00[-0.14,0.13] -0.15[-0.29,-0.01] *
Profile 2 (Refer- Profile 1 -0.06 [-0.14,0.01] -0.06 [-0.14,-0.01]  -0.10[-0.18,-0.03] ** -0.06 [-0.12,-0.00] ~ -0.03 [-0.10,0.05] 0.01 [-0.07, 0.08]
ence Group) Profile 3 -0.12[-0.27,0.02] -0.16[-0.30,-0.02] * -0.06 [-0.21, 0.09] -0.14 [-0.26,-0.02] * -0.03 [-0.18,0.12] -0.14 [-0.29, 0.00]
Profile 3 (Refer- Profile 1 0.06 [-0.07,0.19]  0.10 [-0.03, 0.23] -0.04 [-0.18, 0.09] 0.08 [-0.03,0.19] 0.00[-0.13,0.14] 0.15[0.01,0.29] *
ence Group) Profile2 0.12[-0.02,0.27] 0.16[0.02,0301*  0.06 [-0.09,0.21] 0.14[0.02,0.26] * 0.031[-0.12,0.18]  0.14 [-0.00, 0.29]

Profile 1 “Inactive, poor diet” (n=3472), Profile 2 “Moderate activity, non-smokers” (n=850), Profile 3 “Highly active, unhealthy drinkers” (n=226)

Adjusted models include age, sex, education and ethnicity

B: standardised regression coefficient, Cl: Confidence Interval, CVLT: California Verbal Learning Test, SDMT: Symbol-Digit Modalities Test, STW: Spot-the-word test

*p<0.05; **p<0.01

(p=0.050). Profile 3 ‘Highly active, unhealthy drinkers’
exhibited significantly poorer vocabulary and verbal
knowledge compared to Profile 1 in adjusted models
(p=0.029). Profile 3 also demonstrated significantly
poorer processing speed and memory scores compared
to Profile 2 in adjusted models (p=0.018 and p=0.024,
respectively).

An automatic BCH approach was also employed to test
for mean differences across class cognitive test scores,
accounting for possible classification error [54]. Stan-
dardised mean memory score was —0.0087 for Profile
1, 0.0541 for Profile 2 and —0.0688 for Profile 3 (Fig. 1).
Standardised mean processing speed scores were

—0.0213 for Profile 1, 0.0808 for Profile 2, and 0.0201 for
Profile 3. Standardised mean scores score for vocabulary
and verbal knowledge were —0.0051 for Profile 1, 0.0227
for Profile 2 and —0.0089 for Profile 3. Pairwise compari-
sons demonstrated that Profile 2 ‘Moderate activity, non-
smokers’ exhibited significantly better processing speed
than Profile 1 ‘Inactive, poor diet’ but there were no sig-
nificant differences between profiles 1 and 3 or between
profiles 2 and 3. In terms of both vocabulary and verbal
knowledge and memory, no significant differences across
profiles were observed.
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0.15

0.1

0.05
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-0.05

Standardized (z) scores

-0.1

-0.15

Profile 1 (n=3472)

m Memory  m Processing speed

Profile 2 (n = 850)

Page 8 of 12

Profile 3 (n =226)

Vocab and verbal knowledge

Fig. 1 Standardised cognitive test scores across three lifestyle profiles using the automatic BCH procedure

Error bars represent standard error (SE)
*Significant difference from Profile 1 (p <0.05)
BCH: Bolck, Croon, and Hagenaars

Discussion

This study aimed to identify similar sub-groups, or
profiles, of individuals based on five lifestyle-related
behaviours and to examine associations between these
profiles and cognitive function in community-dwelling
Australian adults. Three distinct profiles were identi-
fied in this study: “Inactive, poor diet” (Profile 1, 76.3%),
“Moderate activity, non-smokers” (Profile 2, 18.7%), and
“Highly active, unhealthy drinkers” (Profile 3, 5.0%). With
respect to the small sub-group characterised primar-
ily by very high PA levels and the highest probability of
being classified as exceeding alcohol consumption rec-
ommendations, similar findings have been shown in a
representative sample of Japanese adults [55]. This study
identified a small cluster characterised by higher PA lev-
els (measured by steps per day) and a high proportion of
participants exceeding alcohol guidelines in both men
and women [55]. Similar findings can also be drawn from
an English population, whereby lack of PA was inversely
clustered with both smoking and heavy drinking [28].

A potential explanation for this finding may be related
to type of occupation, whereby individuals with a man-
ual occupation are more likely to drink heavily but also
engage in high levels of habitual PA [28].

Use of continuous input variables where possible
(MIND score, PA, sedentary status) enabled novel
insights into the kinds of behavioural profiles observed
in sub-groups of this Australian community-dwelling
sample. For example, we were able to distinguish between
a group (Profile 2, 18.5% of total sample) that engages in
a higher weekly amount of PA (approximately 12 h per
week) versus a small subgroup (Profile 3, 5% of total sam-
ple) that is extremely active (mean approximately 24 h
of PA per week). Whilst both these levels of weekly PA
appear very high, it should be acknowledged that vigor-
ous PA has been doubled (as per the survey guidelines
to reflect the additional health benefits associated with
more intense activity) and that this total is also inclusive
of weekly walking time. Further exploratory analyses to
explore the contribution of each activity type to total
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PA revealed that vigorous PA was considerably higher
in Profile 3 (approximately 6.6 h per week) compared to
Profiles 1 (<0.5 h per week) and Profile 2 (approximately
2.3 h per week). On the other side of the spectrum, the
use of LPA in this study highlights that in this population
of Australian adults there is a large subgroup (76.3%, Pro-
file 1) exhibiting low levels of PA and as such represents
an opportunity for improvement and perhaps a group
to which intervention efforts should be prioritised. The
mean PA for this subgroup was 3 h per week but when
examining the contribution of each activity type, it was
observed that mean levels for moderate PA and vigor-
ous PA were each less than 30 min per week (the remain-
ing contribution was from walking time with a mean of
1.8 h per week). This suggests a large proportion of this
sample are not meeting current PA recommendations
[56]. Along with low PA levels, Profile 1 also exhibited
the highest sedentary time (6.9 h per day) and the lowest
MIND diet adherence, further bolstering the rationale for
intervention efforts to focus on such a subgroup.

Collectively, a sub-group characterised as “Moderate
activity, non-smokers” (Profile 2) exhibited slight cogni-
tive advantage over Profile 3 “Highly active, unhealthy
drinkers” and Profile 1 “Inactive, poor diet” Profile 2 was
characterised by highest diet quality and high PA levels
and hence this finding is consistent with findings from
previous research reporting that inactivity and poor diet
quality individually, are important modifiable factors in
the prevention of cognitive decline and dementia [6, 57—
60]. Profile 2 also exhibited a lower probability of being
a current smoker which may also have contributed the
observed cognitive benefits, since smoking is regarded as
having one of the highest modifiable population attrib-
utable factors (PAF) for dementia [6]. Despite these
findings, due to the cross-sectional nature of our study
we cannot discount the possibility of reverse causality,
whereby cognitive function impacts on engagement in
lifestyle behaviours. Future research should aim to exam-
ine prospective associations between clustered lifestyle
behaviours and subsequent incidence of cognitive decline
and/or dementia.

One of the strengths of this study is the use of LPA to
identify distinct person-centred sub-groups based on
similar patterns of lifestyle behaviours. This presents
a valuable method for identifying distinct sub-groups
within a population that may be at increased risk of
cognitive decline and dementia and providing insight-
ful information around the clustering of key HRBs that
can inform preventative strategies. However, some limi-
tations of data-driven approaches such as LPA need to
be acknowledged. While data-driven, there is still some
subjectivity involved in the defining and operationalis-
ing of classes/profiles. Furthermore, the person-centred
nature may have implications for generalisability of
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findings to wider population groups. A further limita-
tion of this study that all lifestyle variables were based on
self-report and hence may be subject to bias from under-
or over-reporting. Furthermore, the AusDiab study was
not designed with the intention of measuring dementia
risk factors and did not include incident dementia as an
outcome. As a result, there are other modifiable lifestyle
behaviours, e.g., sleep, social engagement, and cognitive
engagement that are not included in the current analy-
ses and could further assist with characterising at-risk
sub-groups. Despite these limitations the current study
demonstrates an insightful example of how LPA can be
applied in this field.

We believe that the use of advanced data-driven
approaches to identify observed sub-groups based on
similar lifestyle behaviours, and comparing these to key
cognitive outcome measures complements previous work
focused on the association between combined modifiable
lifestyle factors and cognition [29]. While simple addi-
tive risk index approaches have great utility in informing
individual-level intervention/risk reduction strategies,
data-driven approaches such as LPA take into account
possible synergistic, multiplicative or other relationships
between modifiable factors, and may aid in identification
of ‘at-risk’ populations to which to target public health
risk reduction strategies for the prevention of cognitive
decline and dementia. They may also be able to inform
development and refinement of lifestyle-based non-phar-
macological multidomain intervention strategies by pro-
viding specific insights around the behavioural clustering
of population sub-groups, and particular behaviours that
have largest scope for improvement.

Conclusion

This study has demonstrated the ability of the data-driven
approach LPA, to identify distinct subgroups of individu-
als based on key lifestyle behaviours and has identified
that the “Moderate activity, non-smokers” group had
better cognitive functioning compared to two other sub-
groups. As data-driven approaches such as LPA consider
the complex interrelationships between lifestyle factors,
their use in future research to elucidate subgroups at risk
of cognitive decline/dementia and inform prioritisation
of multidomain intervention strategies, is warranted.

List of abbreviations

AAS Active Australia Survey

aBIC adjusted Bayesian Information Criterion
AIC Akaike Information Criterion

BCH Bolck, Croon & Hagenaars approach
BIC Bayesian Information Criterion

BLRT Bootstrapped Likelihood Ratio Test

BMI Body Mass Index

ccv Cancer Council Victoria

CES-D Center for Epidemiologic Studies Depression Scale
CvD Cardiovascular Disease

QLT California Verbal Learning Test



Dingle et al. BMC Public Health (2022) 22:1990

DAG Directed Acyclic Graph

DBP Diastolic Blood Pressure

FFQ Food Frequency Questionnaire

FP Free Parameters

FPG Fasting plasma glucose

LCA Latent class analysis

LMR-LRT  Lo-Mendell-Rubin likelihood ratio test

LPA Latent profile analysis

MClI Mild Cognitive Impairment

MIND Mediterranean-Dietary Approaches to Stop Hypertension Diet

Intervention for Neurodegenerative Delay diet

NHMRC  National Health and Medical Research Council
PA Physical Activity

PFA PPopulation attributable factor

SBP Systolic blood pressure

SDMT Symbol-Digit Modalities Test

STW Spot-the-word test

WHO World Health Organization

Supplementary information
The online version contains supplementary material available at https://doi.
0rg/10.1186/512889-022-14379-z.

[ Supplementary Material 1 ]

Acknowledgements

The AusDiab study, initiated and coordinated by the International Diabetes
Institute, and subsequently coordinated by the Baker Heart and Diabetes
Institute, gratefully acknowledges the support and assistance given by: B
Atkins, B Balkau, E Barr, A Cameron, S Chadban, M de Courten, D Dunstan,

A Kavanagh, D Magliano, S Murray, N Owen, K Polkinghorne, T Welborn, P
Zimmet and all the study participants. Also, for funding or logistical support,
we are grateful to: National Health and Medical Research Council (NHMRC
grants #233200 and #1007544), Australian Government Department of Health
and Ageing, Abbott Australasia Pty Ltd, Alphapharm Pty Ltd, Amgen Australia,
AstraZeneca, Bristol-Myers Squibb, City Health Centre-Diabetes Service-
Canberra, Department of Health and Community Services - Northern Territory,
Department of Health and Human Services - Tasmania, Department of Health
- New South Wales, Department of Health — Western Australia, Department of
Health — South Australia, Department of Human Services — Victoria, Diabetes
Australia, Diabetes Australia Northern Territory, Eli Lilly Australia, Estate of the
Late Edward Wilson, GlaxoSmithKline, Jack Brockhoff Foundation, Janssen-
Cilag, Kidney Health Australia, Marian & FH Flack Trust, Menzies Research
Institute, Merck Sharp & Dohme, Novartis Pharmaceuticals, Novo Nordisk
Pharmaceuticals, Pfizer Pty Ltd, Pratt Foundation, Queensland Health, Roche
Diagnostics Australia, Royal Prince Alfred Hospital, Sydney, Sanofi Aventis,
sanofi-synthelabo, and the Victorian Government'’s OIS Program.

Authors’ contributions

SD: Conceptualization, Methodology, Formal analysis, Writing — Original draft
preparation SB: Methodology, Formal analysis, Writing — Review & Editing,
Supervision MB: Methodology, Writing — Review & Editing CM: Writing —
Review & Editing, Supervision RMD: Writing — Review & Editing, Supervision
KA: Writing — Review & Editing JS: Writing — Review & Editing. Writing - Review
and Editing; Supervision

All authors read and approved the final manuscript.

Funding

The AusDiab study is funded by the Federal Government through a National
Health and Medical Research Council grant, as well as support from State
governments, academic and industry partners. SD is funded by a Deakin
University Postgraduate Research Scholarship. KA is funded by NHMRC
Fellowship No. 1102694. JES is funded by an NHMRC Investigator Grant No.
1173952. The funders had no role in study design, data collection and analysis,
decision to publish, or preparation of the manuscript.

Page 10 of 12

Data availability

Data that support the findings of this study are available on request under a
licence agreement. Written applications can be made to the AusDiab Steering
Committee (Dianna.Magliano@baker.edu.au).

Declarations

Ethics approval and consent to participate

The project was performed in accordance with all relevant guidelines and
regulations and adheres to the Declaration of Helsinki. Ethics approval

was obtained for the AusDiab study from the ethics committees of the
International Diabetes Institute, Monash University and Alfred Hospital. Written
informed consent was obtained from all participants prior to commencement
in the study. An ethics exemption was approved for the use of the data in this
manuscript (2022-089) and all participants were de-identified.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'Institute for Physical Activity and Nutrition, School of Exercise and
Nutrition Sciences, Deakin University, Geelong, VIC, Australia
“Biostatistics Unit, Faculty of Health, Deakin University, Geelong, VIC,
Australia

3Stress, Psychiatry and Immunology Laboratory, Department

of Psychological Medicine, Institute of Psychiatry, Psychology &
Neuroscience, King's College, SE5 9RT London, UK

“University of New South Wales, Sydney, NSW, Australia
>Neuroscience Research Australia, Sydney, NSW, Australia

%Baker Heart and Diabetes Institute, PO Box 6492, 3004 Melbourne, VIC,
Australia

Received: 9 June 2022 / Accepted: 10 October 2022
Published online: 29 November 2022

References

1. WHO. Risk reduction of cognitive decline and dementia: WHO guidelines.
Geveva: World Health Organization; 2019. Contract No.: Licence: CC BY-NC-SA
3.01GO.

2. Australian Bureau of Statistics. Australia’s leading causes of death, 2017: ABS;
2018 [Available from: http://www.abs.gov.au/ausstats/abs@.nsf/Lookup/
by%20Subject/3303.0~2017~Main%20Features~Australia’s%20leading%20
causes%200f%20death,%202017~2.

3. Laurie Brown EH, Hai Ahn La. Economic Cost of Dementia in Australia
2016-2056. Alzheimer's Australia: NATSEM at the Institute for Governnance
and Policy Analysis, University of Canberra; 2017.

4. American Psychiatric Association. American Psychiatric Association. Diagnos-
tic and Statistical Manual of Mental Disorders, Fifth Edition. Washington, DC,
2000.

5. Livingston G, Sommerlad A, Orgeta V, Costafreda SG, Huntley J, Ames D, et al.
Dementia prevention, intervention, and care. Lancet. 2017,390:2673-734.

6. Livingston G, Huntley J, Sommerlad A, Ames D, Ballard C, Banerjee S, et al.
Dementia prevention, intervention, and care: 2020 report of the Lancet Com-
mission. The Lancet. 2020;396(10248):413-46.

7. Sofi F, Abbate R, Gensini GF, Casini A. Accruing evidence on benefits of adher-
ence to the Mediterranean diet on health: an updated systematic review and
meta-analysis. Am J Clin Nutr. 2010;92(5):1189-96.

8. Loef M, Walach H. Fruit, vegetables and prevention of cognitive decline
or dementia: A systematic review of cohort studies. J Nutr Health Aging.
2012;16(7):626-30.

9. Sofi F, Valecchi D, Bacci D, Abbate R, Gensini GF, Casini A, et al. Physical activity
and risk of cognitive decline: a meta-analysis of prospective studies. J Intern
Med. 2011;269:107-17.

10.  Falck RS, Davis JC, Liu-Ambrose T. What is the association between sedentary
behaviour and cognitive function? A systematic review. Br J Sports Med.
2017;51(10):800-11.


http://dx.doi.org/10.1186/s12889-022-14379-z
http://dx.doi.org/10.1186/s12889-022-14379-z
http://www.abs.gov.au/ausstats/abs@.nsf/Lookup/by%20Subject/3303.0~2017~Main%20Features~Australia's%20leading%20causes%20of%20death,%202017~2
http://www.abs.gov.au/ausstats/abs@.nsf/Lookup/by%20Subject/3303.0~2017~Main%20Features~Australia's%20leading%20causes%20of%20death,%202017~2
http://www.abs.gov.au/ausstats/abs@.nsf/Lookup/by%20Subject/3303.0~2017~Main%20Features~Australia's%20leading%20causes%20of%20death,%202017~2

Dingle et al. BMC Public Health

20.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

(2022) 22:1990

Peters R, Peters J, Warner J, Beckett N, Bulpitt C. Alcohol, dementia

and cognitive decline in the elderly: a systematic review. Age Ageing.
2008;37(5):505-12.

Anstey K, Mack HA, Cherbuin N. Alcohol Consumption as a Risk Factor for
Dementia and Cognitive Decline: Meta-Analysis of Prospective Studies. Am J
Geriat Psychiat. 2009;17(7):542-55.

Plassman BL, Williams JW Jr, Burke JR, Holsinger T, Benjamin S. Systematic
review: factors associated with risk for and possible prevention of cognitive
decline in later life. Ann Intern Med. 2010;153(3):182-93.

The Royal Australian College of General Practitioners. Smoking, nutrition,
alcohol, physical activity (SNAP): A population health guide to behavioural
risk factors in general practice, 2nd edn. Melbourne 2015.

Noble N, Paul C, Turon H, Oldmeadow C. Which modifiable health risk
behaviours are related? A systematic review of the clustering of Smoking,
Nutrition, Alcohol and Physical activity (SNAP') health risk factors. Prev Med.
2015;81:16-41.

World Health Organization. Global status report on noncommunicable
diseases 2010. World Health Organization; 2011.

World Health Organization. The world health report 2002: reducing risks,
promoting healthy life. World Health Organization; 2002.

Berendsen AM, Kang JH, Feskens EJM, de Groot CPGM, Grodstein F, van de
Rest O. Association of long-term adherence to the mind diet with cognitive
function and cognitive decline in American women. J Nutr Health Aging.
2018,22(2):222-9.

Hosking DE, Eramudugolla R, Cherbuin N, Anstey KJ. MIND not Mediter-
ranean diet related to 12-year incidence of cognitive impairment in an
Australian longitudinal cohort study. Alzheimers Dement. 2019;15(4):581-9.
Morris MC, Tangney CC, Wang Y, Sacks FM, Barnes LL, Bennett DA, et

al. MIND diet slows cognitive decline with aging. Alzheimers Dement.
2015;11(9):1015-22.

Morris MC, Tangney CC, Wang Y, Sacks FM, Bennett DA, Aggarwal NT. MIND
diet associated with reduced incidence of Alzheimer’s disease. Alzheimers
Dement. 2015;11(9):1007-14.

Kivipelto M, Mangialasche F, Ngandu T. Lifestyle interventions to prevent
cognitive impairment, dementia and Alzheimer disease. Nat Reviews Neurol.
2018;14(11):653-66.

Cataldo JK, Prochaska JJ, Glantz SA. Cigarette smoking is a risk factor for
Alzheimer's Disease: an analysis controlling for tobacco industry affiliation. J
Alzheimers Dis. 2010;19(2):465-80.

Deckers K, Boxtel MPJ, Schiepers OJG, Vugt M, Mufioz Sanchez JL, Anstey KJ,
et al. Target risk factors for dementia prevention: a systematic review and
Delphi consensus study on the evidence from observational studies. Int J
Geriatr Psychiatry. 2015;30(3):234-46.

Zahr NM, Kaufman KL, Harper CG. Clinical and pathological features of
alcohol-related brain damage. Nat Reviews Neurol. 2011,7(5):284-94.

Pronk NP, Sherwood NE, Anderson LH, Crain AL, Martinson BC, O'Connor PJ,
et al. Meeting recommendations for multiple healthy lifestyle factors: Preva-
lence, clustering, and predictors among adolescent, adult, and senior health
plan members. Am J Prev Med. 2004;27(SUPPL.):25-33.

McAloney K, Graham H, Law C, Platt L. A scoping review of statistical
approaches to the analysis of multiple health-related behaviours. Prev Med.
2013;56:365-71.

Poortinga W. The prevalence and clustering of four major lifestyle risk factors
in an English adult population. Prev Med. 2007;44(2):124-8.

Peters R, Booth A, Rockwood K, Peters J, D'Este C, Anstey KJ. Combining
modifiable risk factors and risk of dementia: a systematic review and meta-
analysis. BMJ Open. 2019;9(1):1.

Schuit AJ, van Loon AJM, Tijhuis M, Ocké M. Clustering of lifestyle risk factors
in a general adult population. Prev Med. 2002;35(3):219-24.

Dunstan DW, Zimmet PZ, Welborn TA, Cameron AJ, Shaw J, de Courten M,
et al. The Australian diabetes, obesity and lifestyle study (AusDiab)- methods
and response rates. Diabetes Res Clin Pract. 2002;57(2):119-29.

Tanamas SK, Magliano DJ, Lynch B, Sethi P, Willenberg L, Polkinghorne KR,

et al. AusDiab 2012. The Australian Diabetes, Obesity & Lifestyle Study. Mel-
bourne: Baker IDI Heart and Diabetes Institute; 2013.

Hodge A, Patterson AJ, Brown WJ, Ireland P, Giles G. The Anti Cancer Council
of Victoria FFQ: relative validity of nutrient intakes compared with weighed
food records in young to middle-aged women in a study of iron supplemen-
tation. Aust NZ Publ Heal. 2000(6).

Australian Insitute of Health and Welfare. The Active Australia Survey: a guide
and manual for implementation, analysis and reporting. In: AIHW, editor.
Canberra2003.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

47.
48.

49.

50.

5T

52.

53.

54.

55.

56.

57.

58.

Page 11 of 12

Brown WJ, Trost SG, Bauman A, Mummery K, Owen N. Test-retest reliability of
four physical activity measures used in population surveys. J Sci Med Sport.
2004;7(2):205-15.

Anuradha S, Dunstan DW, Healy GN, Shaw JE, Zimmet PZ, Wong TY, et al.
Physical Activity, Television Viewing Time, and Retinal Vascular Caliber. MEDI-
CINE AND SCIENCE IN SPORTS AND EXERCISE. 2011;43:280-6.

Walls HL, Magliano DJ, McNeil JJ, Stevenson C, Ademi Z, Shaw J, et al.
Predictors of increasing waist circumference in an. Australian population:
Cambridge University Press; 2011.

Clark BK, Lynch BM, Winkler EAH, Gardiner PA, Healy GN, Dunstan DW, et

al. Validity of a multi-context sitting questionnaire across demographi-

cally diverse population groups: AusDiab3. Int J Behav Nutr Phys Activity.
2015;12:1-9.

Dempsey PC, Hadgraft NT, Winkler EAH, Clark BK, Buman MP, Gardiner PA, et
al. Associations of context-specific sitting time with markers of cardiometa-
bolic risk in Australian adults. International Journal of Behavioral Nutrition
and Physical Activity. 2018;15(1).

Cancer Epidemiology Centre Nutritional Assessment Office. FFQ User Infor-
mation Guide. Information for users of the dietary questionnaire. Carlton: The
Cancer Council of Victoria; 2008.

Australian Guidelines to Reduce Health Risks from Drinking Alcohol. Com-
monwealth of Australia. Canberra: National Health and Medical Research
Council, Australian Research Council and Universities Australia; 2020.
Yuspeh RL, Vanderploeg RD. Spot-the-word: A measure for estimating pre-
morbid intellectual functioning. 2000. p. 319-26.

Lekeu F, Magis D, Marique P, Delbeuck X, Bechet S, Guillaume B, et al. The
California Verbal Learning Test and other standard clinical neuropsychological
tests to predict conversion from mild memory impairment to dementia. J
Clin Exp Neuropsychol. 2010;32(2):164-73.

Sheridan LK, Fitzgerald HE, Adams KM, Nigg JT, Martel M, Puttler LI, et al.
Normative Symbol Digit Modalities Test performance in a community-based
sample. Arch Clin Neuropsych. 2006;21(1):23-8.

Daly RM, Gagnon C, Ebeling PR, Lu ZX, Sikaris KA, Magliano DJ, et al. Preva-
lence of vitamin D deficiency and its determinants in Australian adults aged
25 years and older: A national, population-based study. Clin Endocrinol.
2012;77(1):26-35.

Cameron AJ, Dunstan DW, Owen N, Zimmet PZ, Barr ELM, Tonkin AM, et al.
Health and mortality consequences of abdominal obesity: evidence from the
AusDiab study. Med J Aust. 2009;191(4):202-8.

Radloff LS. The CES-D Scale. Appl Psychol Meas. 1977;1(3):385-401.

National Heart Foundation of Australia. Guideline for the diagnosis and
management of hypertension in adults — 2016. Melbourne: National Heart
Foundation of Australia; 2016.

Muthen LK, Muthen BO. Mplus User's Guide. Eighth Edition ed. Los Angleses,
CA: Muthen & Muthen; 1998-2017.

Weller BE, Bowen NK, Faubert SJ. Latent Class Analysis: A Guide to Best Prac-
tice. J Black Psychol. 2020;46(4):287-311.

StataCorp. Stata statistical software: Release 17. College Station. TX: StataCorp
LP; 2020.

Textor J, van der Zander B, Gilthorpe MS, Liskiewicz M, Ellison GT. Robust
causal inference using directed acyclic graphs: the R package ‘dagitty’ Int J
Epidemiol. 2016;45(6):1887-94.

Enrique FS, Stephen RC, Robert WP, Overadjustment Bias and Unnecessary
Adjustment in Epidemiologic Studies. Epidemiology. 2009;20(4):488-95.
Asparouhov T, Muthen B. Auxiliary variables in mixture modeling: Using the
BCH method in Mplys to estimate a distal outcome model and an arbitrary
secondary model. Mplus Web Notes: No. 21. May 14, 2014. Revised February
4,2021.

Mawditt C, Sasayama K, Katanoda K, Gilmour S. The Clustering of
Health-Related Behaviors in the Adult Japanese Population. J Epidemiol.
2021;31(8):471-9.

Australian Goverment Department of Health. Physical activity and exercise
guidelines for all Australians - For adults (18 to 64 years) [updated 10 May
2021. Available from: https://www.health.gov.au/health-topics/physical-activ-
ity-and-exercise/physical-activity-and-exercise-guidelines-for-all-australians/
for-adults-18-to-64-years.

Erickson K, Hillman C, Stillman CM, Ballard RM, Bloodgood B, Conroy DE, et
al. Physical Activity, Cognition, and Brain Outcomes: A Review of the 2018
Physical Activity Guidelines. Med Sci Sports Exerc. 2019;51(6):1242-51.
Blondell SJ, Hammersley-Mather R, Veerman JL. Does physical activity prevent
cognitive decline and dementia?: A systematic review and meta-analysis of
longitudinal studies. BMC Public Health. 2014;14(1):510.


https://www.health.gov.au/health-topics/physical-activity-and-exercise/physical-activity-and-exercise-guidelines-for-all-australians/for-adults-18-to-64-years
https://www.health.gov.au/health-topics/physical-activity-and-exercise/physical-activity-and-exercise-guidelines-for-all-australians/for-adults-18-to-64-years
https://www.health.gov.au/health-topics/physical-activity-and-exercise/physical-activity-and-exercise-guidelines-for-all-australians/for-adults-18-to-64-years

Dingle et al. BMC Public Health (2022) 22:1990

59. Petersson SD, Philippou E. Mediterranean, Diet. Cognitive Function, and

Dementia: A Systematic Review of the Evidence. Adv Nutr. 2016;7(5):889-904.

60. Klimova B, Dziuba S, Cierniak-Emerych A. The Effect of Healthy Diet on
Cognitive Performance Among Healthy Seniors — A Mini Review. Frontiers in
Human Neuroscience. 2020;14.

Page 12 of 12

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.



	﻿Associations between data-driven lifestyle profiles and cognitive function in the AusDiab study
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Study population
	﻿Lifestyle behaviours
	﻿Diet
	﻿Physical activity
	﻿Sedentary status
	﻿Smoking
	﻿Alcohol


	﻿Cognitive function
	﻿Confounders and other variables of interest
	﻿Statistical analyses
	﻿Latent profile analysis
	﻿Associations with cognitive function

	﻿Results
	﻿Lifestyle behaviours across profiles
	﻿Sample characteristics across lifestyle profiles
	﻿Associations between lifestyle profiles and cognitive function

	﻿Discussion
	﻿Conclusion
	﻿References


