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ABSTRACT
Background. Sedentary behavior is most prevalent among those aged 80 years and
above, referred to as the oldest-old. Current literature emphasizes the significance of
sedentary behavior patterns, but further evidence is required to understand how these
patterns relate to specific health outcomes and to identify at-risk profiles for tailored
interventions in the oldest-old. Therefore, the aim of this study was to identify profiles
of adults aged 80+ years based on their sedentary patterns and health outcomes, and to
examine associations between profiles and socio-demographics.
Methods. A cross-sectional study was conducted in Flanders (Belgium) from February
2021 toDecember 2022 recruiting 90 older adults (80+) through convenience sampling,
employing word ofmouth, social media and local service centers. Latent profile analysis
identified device-based sedentary patterns and assessed their associations with physical
and cognitive functioning, mental health-related quality of life (QoL), and social
isolation. Associations of these profiles with socio-demographic factors were analyzed.
Results. Three distinct profiles were identified: (1) the ‘cognitively and physically
frail’ profile, (2) the ‘healthy’ profile and (3) the ‘lower mental health-related QoL’
profile. Those in the ‘cognitively and physically frail’ profile exhibited the least favorable
sedentary pattern, and had a higher likelihood of residing in a nursing home. No
significant differences were found for the other socio-demographic variables, being
age, sex, educational degree and family situation.
Conclusions. Three distinct profiles in the oldest-old population, based on cognitive
and physical functioning, mental health-related QoL, and sedentary behavior patterns,
were identified. Lower physical and cognitive functioningwas associatedwith unhealthy
sedentary patterns. Further research with larger samples is crucial to uncover potential
links between socio-demographics and at-risk subgroups, enhancing our understanding
of sedentary behavior and geriatric health outcomes in this population.

Subjects Geriatrics, Public Health, Mental Health
Keywords Elderly, Sitting, Physical health, Mental health, Typologies, Sedentary behavior

INTRODUCTION
Sedentary behavior (SB) is defined as ‘‘any waking behavior characterized by an energy
expenditure of ≤1.5 metabolic equivalents (METs), while in a sitting, reclining or lying
posture’’ (Sedentary Behaviour Research, 2012). Growing evidence identifies SB as an
important risk factor for detrimental health-related conditions, including type 2 diabetes,
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metabolic syndrome, cardiovascular disease, cancer, and increased risk of mortality
in both adult and older adult populations (de Rezende et al., 2014; Ekelund et al., 2019;
Katzmarzyk et al., 2019;Wilmot et al., 2012). Older adults (65 years and older) are the most
sedentary age group, spending on average 9.4 hours/day sedentary (Harvey, Chastin &
Skelton, 2013; Harvey, Chastin & Skelton, 2015). Moreover, a recent meta-analysis showed
the importance of distinguishing between these age groups. This study revealed that
individuals in the oldest-old age group (80+) spend an average of one to two additional
hours/day in sedentary activities compared to a combined group of participants aged
60 years or older, which includes those aged 80 and above (Webster et al., 2021), and
underlines the importance of studying SB specifically in the oldest-old.

Recent studies emphasize the significance of ‘sedentary accumulation patterns’ over the
mere total sedentary time (ST) in relation to various health-related outcomes. ST is defined
as the time spent in sedentary activities, while accumulation patterns encompass how
sedentary activities accumulate or gather over a specific period of time. Measures of these
accumulation patterns may involve the duration, frequency, and distribution of ST across
the day or week (Boerema et al., 2020). In addition to the negative correlation between
overall ST and health outcomes, extended sedentary bouts, characterized as uninterrupted
periods of ST (Tremblay et al., 2017), have been linked to diminished physical function in
older adults (Gennuso et al., 2016; Han et al., 2022). Similarly, older women with a higher
mean sedentary bout duration have increased risk of falling (Rosenberg et al., 2021) and
show higher odds of diabetes (Bellettiere et al., 2019). Another study suggests that for every
additional hourly break in ST in older women, the odds for abdominal obesity decreased
by 7% (Júdice et al., 2015). Furthermore, a study in community-dwelling older men found
that those who spent significantly more time in prolonged sedentary bouts were more
likely to be depressed, obese and to suffer from chronic disease(s) (Jefferis et al., 2015).

Previous studies examining patterns of SB and their associations with health outcomes
have mainly focused on the general population of older adults aged 65 years and older,
whereas very few studies focused specifically on those aged≥80 years. However, SB patterns
tend to change within age groups from 65 to≥90 years, as older age seems to be associated
with more ST, fewer sit-to-stand transition and longer usual sedentary bout (Dohrn et al.,
2020). Consequently, there is a critical need for further investigation into how SB patterns
among the oldest-old relate to health outcomes. This underrepresentation is not only
present in research studies but is also reflected in the guidelines on physical activity and SB
set by the World Health Organization (WHO).

Moreover, existing literature studying the association of SB with health outcomes in
older adults predominantly focuses on physical health aspects, particularly chronic diseases.
It is imperative, however, to extend our studies to include mental, cognitive and social
dimensions of health given their inherent impact on independence and quality-of-life
(Dogra et al., 2022). To achieve a comprehensive understanding, it is recommended to
adopt a broader, multidisciplinary approach. This approach involves integrating insights
from various disciplines, such as medicine, psychology, and sociology, to gain a holistic
perspective. This multidisciplinary perspective creates the possibility to effectively identify
profiles of older adults at risk and develop interventions aimed at improving sedentary

Lebuf et al. (2024), PeerJ, DOI 10.7717/peerj.17505 2/19

https://peerj.com
http://dx.doi.org/10.7717/peerj.17505


patterns and overall well-being. Considering that studies have emphasized the significance
of socio-demographic factors in influencing the interplay between sedentary patterns and
health outcomes (Chastin et al., 2015; Copeland et al., 2017), determining the link between
socio-demographics and these at-risk profiles of SB patterns and health outcomes in the
oldest-old can provide valuable insights.

In conclusion, ST is highest in the oldest-old (80+) and current literature points towards
the importance of patterns in SB. Still, more evidence is needed to unravel how certain
SB accumulation patterns cluster with specific health outcomes to identify at-risk profiles
for future SB interventions in the oldest-old. Therefore, the aim of this study is to identify
person-centered profiles, using a Latent Profile Analysis (LPA), based on accumulation
patterns of SB and the following health outcomes: physical, cognitive and psychosocial
functioning, in the oldest-old (≥80 years). After identifying the different profiles, possible
predictors of profile membership based on socio-demographic variables will be investigated
to gain further insight into the characteristics of older adults in themost vulnerable profiles.

METHODS
Study design
A cross-sectional study, called ‘Healthy 80+’, was performed between February 2021 and
December 2022 in Flanders, Belgium. The study was approved by the ethical committee
of the Ghent University Hospital (BC-08641), and all participants provided a written
informed consent. This paper follows the STROBE guidelines for reporting observational
studies (von Elm et al., 2014). Portions of this text were previously published as part of a
preprint (https://www.researchsquare.com/article/rs-3352579/v1).

Participants and procedure
Older adults aged 80 years or older were recruited for this study through convenience
sampling. Recruitment was done through word of mouth, social media and local
service centers. Local service centers offer information and recreational activities within
neighborhoods to facilitate self-reliance, especially among people for whom their care or
medical requirements have recently changed. Participants had to be Dutch speaking, able to
stand independently with or without an assistive device and could not have been diagnosed
with cognitive disorders to be eligible for the study. Participants who were willing to engage
in the study were contacted by phone to arrange the dates for the two home visits. The first
home visit consisted of explaining the purpose and procedures of the study, signing the
informed consent, completing a questionnaire during a structured interview and executing
the Short Physical Performance Battery. At the end of the first home visit, an activPAL
accelerometer was attached to the participants thigh to measure SB for seven consecutive
days. Participants were also asked to keep a sleep diary. On day eight, the second home visit
was planned to recollect the activPAL accelerometer and the sleep diary, and to perform a
cognitive functioning test.
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Measures
Sedentary behavior
Accelerometer data processing: An activPAL accelerometer (Physical Activity Technologies,
Glasgow, Scotland) was attached on the midline of participants’ right anterior thigh for
seven consecutive days to objectively measure ST. The activPAL is an accelerometer that is
known as the gold standard for objectively measuring ST since it can distinguish between
sitting/lying and standing (Hart, Ainsworth & Tudor-Locke, 2011). Data were summarized
in epochs of 15 s and were downloaded and processed using manufacturer proprietary
software (activPAL 173 Professional v8.11.6.70). A day was considered invalid if there was
limited postural variation (i.e., ≥95% of wear time in one activity) or fewer than 10 hours
of valid waking wear time (Morris et al., 2019; Winkler et al., 2016). Only participants with
four days of valid activPAL data were included in the analysis (Heesch et al., 2018). The
‘Processing PAL’ (Winkler et al., 2016) application was used to manually double-check the
algorithms to exclude sleep from the analysis. Therefore, participants were asked to report
the times they went to bed and when they got up in the morning in their sleep diary. If there
was an incongruence between self-reported and algorithm-derived sleep time, adaptations
were made using the ‘Processing PAL’ application based on the self-reported data (Winkler
et al., 2016). Likewise, the created heatmaps from the ‘Processing PAL’ application were
used to manually check the algorithm for potentially misclassified invalid days, since the
algorithm seems to be less reliable in older adult populations (Winkler et al., 2016).

Total sedentary time and sedentary accumulation patterns: Total ST (minutes/day) was
extracted from the accelerometer data to maximize comparability with other studies. For
identifying SB patterns many measures exist, but consensus about the best indicators is
still lacking (Boerema et al., 2020). Alpha (unitless) is one of the most robust measures
and is very sensitive to change (Chastin et al., 2015). Alpha is defined as ‘‘the cumulative
distribution of bout lengths’’ and represents the frequency distribution of SB bout duration,
which follows the power-law probability distribution (Chastin & Granat, 2010; Chastin et
al., 2015). Therefore it acts as a measure that captures the diversity of bout lengths during
a day (Boerema et al., 2020). Lower values indicate a SB accumulation pattern with more
prolonged bouts, whereas higher values represent a more fragmented SB pattern. One
disadvantage of using alpha, is that it can be difficult to interpret. Therefore, a second
sedentary accumulation pattern measure, usual bout duration (UBD), was calculated.
UBD is the median value of the cumulative sedentary bout duration distribution, and is a
universal measure to report bout lengths in relation to total ST (Boerema et al., 2020). All
three measures: total ST, alpha and UBD, were calculated using Python. The script can be
found at OSF (https://osf.io/g2cn7/).

Physical functioning
During the first home visit, the Short Physical Performance Battery (SPPB) was performed
by trained researchers. This test battery consists of three physical performance tests
(balance, walking, sit-to-stand) and is a well-established tool to evaluate functional
capability (Guralnik et al., 1994). For each test a subscore ranging from 0 to 4 was created.
A summary score for physical functioning was obtained by summing the three subscores,
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resulting in a score ranging from 0 to 12, with higher scores indicating better physical
functioning. A detailed summary of the scoring system can be found elsewhere (De Fátima
Ribeiro Silva et al., 2021).

Cognitive functioning
The Cambridge Neuropsychological Test Automated Battery (CANTAB) was performed
during the second home visit. This battery focuses on three cognitive domains: (1) working
memory and planning, (2) attention and (3) visuospatial memory.

The CANTAB is the most widely published battery for cognitive function, is largely
independent of verbal instruction and is a relatively cheap and accessible method to
assess cognitive functioning compared to face-to-face assessments (Lenehan et al., 2016;
Smith et al., 2013). The CANTAB was performed using an iPad. To make sure participants
were familiar with the device and understood all instructions, a familiarization exercise
was performed first (motor screening task, MOT). After that, a subset of five tests was
performed: reaction time (RTI, attention and psychomotor speed), paired associates
learning (PAL, memory), spatial working memory (SWM, executive functions), delayed
matching to sampling (DMS, memory) and rapid visual information processing (RVP,
attention and psychomotor speed).

First, Z -scores for all outcomes (e.g., reaction time, error percentage) were calculated
(one for RTI, two for PAL, SWM andDMS, one for RVP;N = 8). Second, negatively scored
outcomes were reversed so that all were positive scores with a higher score indicating better
cognitive functioning. Third, for the cognitive tests with multiple outcomes, composite
scores were calculated by averaging the Z-scores of all respective outcomes. To calculate
overall cognitive functioning of the participants, an average score of all composite scores
was calculated (Gheysen, Herman & Van Dyck, 2019).

Mental health-related quality of life
Mental health-related quality of life (QoL) was derived from the RAND-36 questionnaire,
assessed during the first home visit. First, scores for the following subscales for mental
health were calculated: vitality, social functioning, emotional role functioning and mental
health (Ware, 1994). Second, the sum of these scores was divided by 4, which resulted in
the unweighted RAND-36 Mental Composite Summary (MCS). This RAND-36 MCS is a
simple, validated way of interpreting the mental health aspect of the RAND-36 (Andersen
et al., 2022).

Feelings of social isolation
The Patient-Reported Outcome Measurement Information System (PROMIS) short form
for social isolation was assessed. Four items concerning feelings of social isolation were
asked, with five answer possibilities ranging from ‘never’ to ‘always’. PROMIS item banks
and validated short-forms are created to enable researchers to get insight into participants’
symptoms, functioning and health-related quality of life in an efficient, flexible and precise
way (Cella et al., 2010). Scoring was done according to PROMIS scoring guidelines: a
sum-score of all items was calculated to represent ‘feelings of social isolation’, which could
only be calculated with complete data. From this raw sum-score, a T-score with mean of
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50 and standard deviation of 10 was calculated using the score conversion table (PROMIS,
2021).

Socio-demographic, BMI and co-morbidities
The following variables were obtained via a questionnaire during the first home visit: age
(years); sex (male or female); weight (kg) and height (cm), from which BMI was calculated;
marital status (single, in a relationship, cohabiting/married); living situation (home, service
flat, nursing home); and education (no degree, primary education, vocational secondary
education, technical secondary education, general secondary education, higher education
and university; which was recoded into ‘no higher education’ or ‘higher education’). Also
comorbidities (NSHAP Comorbidity Index, measuring burden of chronic diseases and
conditions) were assessed by asking ‘‘has a medical doctor told you that you have (had)
[condition]?’’ for a list of 15 conditions, with a range from 0 to 21; scoring details can be
found in Vasilopoulos et al. (2014).

Statistical methods
All analyses were executed using RStudio (R version 3.4.1), with the script and anonymized
data available on the OSF page (https://osf.io/g2cn7/). Descriptive statistics covered socio-
demographic data, BMI and comorbidities, SB measures, and health outcomes.

Latent profile analysis (LPA), using the ‘tidyLPA’ R package (Rosenberg et al., 2018), was
performed to identify latent subgroups among older adults. This person-centered approach
explores varied patterns of variables and outcomes (Muthen & Muthen, 2000). The LPA
procedure (Bauer, 2022) involved the following steps:

First, theoretically-based indicators were selected, i.e.,mean ST/day, alpha and UBD (SB
accumulation patterns), global cognitive functioning (CANTAB), mental health-related
quality-of-life (unweighted RAND-36 MCS), feelings of isolation (PROMIS) and physical
functioning (SPPB). Second, inter-correlation analyses were performed, identifying UBD
as more correlated to the other indicators compared to mean ST/day and alpha, leading
to their exclusion from the model. Third, negatively scored indicators (i.e., PROMIS and
USB) were scored positively. Fourth, possible models were compared using the following
fit indices: Bayesian Information Criterium (BIC), sample-size adjusted BIC (SABIC) and
Akaike Information Criterion (AIC) (lower values indicate a better model fit to the data),
the Bootstrap Likelihood Ratio Test (BLRT) and entropy values (indicates the overall
ability of a model to return well-separated profiles, higher value means better fit with
one being perfect classification). Selecting the optimal model involves assessing both the
aforementioned fit indices and the theoretical framework relevant to the discipline. This
requires careful consideration to ensure that the identified solution aligns with possible
real-world profiles. Fifth, the target solution was interpreted by generating standardized
scores for the included variables, examining class-specific means, probability profiles and
class sizes. Sixth, post-LPA, one-way ANOVA or non-parametric Kruskal–Wallis analyses
were conducted to assess differences in SB and health outcomes among profiles. Post-hoc
tests to identify pairwise differences between profiles included Tuckey’s HSD and Dunn’s
test respectively.
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To assess profile differences in socio-demographics, one-way ANOVA and Chi2 analysis
compared age, sex, education, living situation, and family situation. Fisher’s exact test was
used for small subgroup observations (i.e., less than five) (Bower, 2003; McCrum-Gardner,
2008). Socio-demographic variables included: age (continuous), sex (1=male, 2= female),
education (1 = no higher education; 2 = higher education), living situation (1 = living
at home or service flat; 2 = nursing home), family situation (1 = living alone; 2 = living
together with partner). Significance was set at p≤ 0.05.

RESULTS
Characteristics of study population
A total number of 112 participants were included in the study. However, after exclusion
due to incomplete CANTAB (N = 8) and activPAL data (N = 14), analyses were performed
on 90 participants. Errors during the activPAL setup, specifically placing the device back
into the charger after completion of the initialization, led to missing activPAL data in 14
subjects at the beginning of the study.

Socio-demographic, SB and health-related characteristics can be found in Table 1. The
study sample had a mean (SD) age of 84.9 ± 4.0 years, with a maximum of 95.0 years.
About half of the participants were women (53%) and about one third of the population
had a high education level (30%). The majority of participants lived independently at home
(83%) with their partner (55%). About one quarter were underweight (25%), 44% had
a healthy weight, and 32% were overweight or obese. The mean (SD) sitting time of the
participants was 9.6 ± 1.9 hours/day, with a mean (SD) UBD of 44.4 ± 21.2 min.

Identified profiles in the oldest-old
Considering the principles of parsimony (‘if two options are plausible, the simpler one is
preferred’), the interpretability of profiles, and the evaluation of multiple fit indices across
different models (Bauer, 2022), the results of the LPA indicated that a three profile model
provided the best solution for this study. See Table 2 for details.

Figure 1 shows group profiles based on the five indicators: UBD, physical and cognitive
functioning,mental health-relatedQoL and feelings of social isolation. Profiles one, two and
three included 12% (N = 11), 76% (N = 68) and 12% (N = 11) of the sample, respectively.
Those proportions are in line with the rule of thumb that each profile should include
>1.0% of the total sample size (Lubke & Neale, 2006). Additionally, the 3-profile solution,
considering the differences in ST and health outcomes, could be interpreted as follows:
Profile one, labeled as ‘Cognitively and Physically Frail’ and comprising 12% (N = 11)
of the sample, exhibited longer bouts of SB (with 10 min longer UBD compared to the
second profile), significantly lower physical and cognitive functioning, and a lower mental
health-related QoL. Profile two, labeled as ‘Healthy’ and representing 76% (N = 68) of the
sample, demonstrated a healthier SB pattern, significantly better physical and cognitive
functioning, and higher mental health-related QoL. Profile three, labeled as ‘Lower Mental
Health-Related QoL’ and accounting for 12% (N = 11) of the sample, displayed similar
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Table 1 Sample characteristics.

Demographics Total sample (N = 90) Missing (N)

Age, mean (SD) 84.9 (4.0)
Women (%) 53.3
Marital status 1

Single (%) 42.7
In a relationship, not living together (%) 2.2
Cohabiting/married (%) 55.1

Participants without children (%) 10.0
Highly educated (%) 30.0
Living situation

Living at home (%) 83.3
Living at assisted-living apartment (%) 7.8
Living at nursing home (%) 8.9

BMI, mean (SD) 26.1 (3.9) 1
Underweight (%) 24.7
Healthy weight (%) 43.8
Overweight (%) 28.1
Obese (%) 3.4

Comorbidity index1, mean (SD); median (IQR) 2.5 (1.6); 2.0 (2.0)
Accelerometer-based SB levels, mean (SD); median (IQR)

Sitting time (hours/day) 9.6 (1.9); 9.3 (2.8)
Alpha2 1.3 (0.0); 1.3 (0.0)
Usual bout duration (min) 44.4 (21.2); 40.1 (21.0)

Physical functioning3, mean (SD); median (IQR) 8.4 (2.5); 9.0 (2.0)
Cognitive functioning, mean (SD); median (IQR)
Reaction time (RTI)

Median duration of the reaction time (ms; negative*) 443.1 (84.1); 428.0 (88.0)
Paired associates learning (PAL)

Number of correct responses at first attempt 6.1 (3.4); 5.0 (4.8)
Number of errors (negative*) 42.2 (15.5); 45.0 (27.0)

Spatial working memory (SWM)
Number of errors (negative*) 21.8 (7.0); 22.0 (8.0)
Strategy use (number, negative*) 9.4 (1.9); 10.0 (2.0)

Delayed matching to sampling (DMS)
Latency of responses to correct trials (ms; negative*) 4,666.3 (1,852.4); 4,326.0 (2,026.4)
Percentage of correct trials 66.6 (14.9); 67.0 (20.0)

Rapid visual information processing (RVP)
Target sensitivity 0.8 (0.1); 0.8 (0.1)

Overall cognitive functioning4 0.0 (0.6); 0.0 (0.8)
Mental health-related QoL5, mean (SD); median (IQR) 73.3 (15.4); 77.5 (16.9)

(continued on next page)
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Table 1 (continued)

Demographics Total sample (N = 90) Missing (N)

Social isolation6, mean (SD); median (IQR) (negative*) 42.0 (7.8); 40.4 (10.9)

Notes.
SD, Standard Deviation; BMI, Body Mass Index (kg/m2); range 18.5 to 24.9, healthy; 25.0 to 29.9, overweight; ≥30, obese; SB, Sedentary Behavior; IQR, Interquartile
range; QoL, Quality of Life.

1Comorbidity score calculated with NSHAP Comorbidity Index, range 0 to 21.
2alpha = cumulative distribution of bout lengths (unitless).
3Short Physical Performance Battery for physical functioning score.
4Average score of all composite scores, calculated from the average Z-scores of each cognitive test.
5RAND-36 Mental Health-Related QoL score.
6PROMIS Social Isolation score.
*negative = low score represents better performance/functioning.

Table 2 Model fit parameters for different profile solutions.

Fit indices

Solution AIC2 BIC2 SABIC2 Entropy BLRT
p-value

Probability
range*

2-profile 2705.856 2745.853 2695.355 0.890 0.010 0.91–0.98
3-profile 2668.792 2723.788 2654.354 0.953 0.010 0.94–0.99
4-profile 2670.098 2740.093 2651.723 0.905 0.297 0.80–0.97

Notes.
AIC, Akaike Information Criterion; BIC, Bayesian Information Criterium; SABIC, sample-size adjusted BIC; BLRT, Boot-
strap Likelihood Ratio Test.

2Lower scores represent better fit.
*Probability range of profile membership (min–max).
Values in bold represent the profile with the best fit for that particular ‘fit index’.

-2,5

-2

-1,5

-1

-0,5

0

0,5

Profile 1

Profile 2

Profile 3

Cognitive Functioning Mental FunctioningPhysical Functioning Social FunctioningUsual Bout Duration

Figure 1 Latent person-centered profiles based on sedentary pattern and health outcomes (z-scores)
in the oldest old.

Full-size DOI: 10.7717/peerj.17505/fig-1

Lebuf et al. (2024), PeerJ, DOI 10.7717/peerj.17505 9/19

https://peerj.com
https://doi.org/10.7717/peerj.17505/fig-1
http://dx.doi.org/10.7717/peerj.17505


Table 3 Descriptive statistics by profile.

Profile 1
(N = 11)

Profile 2
(N = 68)

Profile 3
(N = 11)

Overall significance
of difference

Between profile (P)
differences$

Cognitively and
physically frail

Healthy Lower mental
health-related QoL

Usual Bout Duration (min), me-
dian (IQR)

47.6 (30.6) 37.2 (21.1) 40.2 (13.6) Kruskal–Wallis= 6.3;
p= 0.04

P1 > P2*

Physical Functioning, median
(IQR)

3.0 (1.5) 9.0 (2.0) 8.0 (2.0) Kruskal–Wallis= 32.2;
p< 0.001

P1 < P2***
P1 < P3**
P2 > P3**

Cognitive Functioning, mean
(SD)

−0.6 (0.4) 0.2 (0.5) −0.2 (0.5) F = 11.7;
p< 0.001

P1 < P2***

Mental Health-Related QoL,
mean (SD)

64.1 (6.0) 80.2 (7.2) 40.1 (9.5) F = 150.2;
p< 0.001

P1 < P2***
P1 > P3***
P2 > P3***

Feelings of Social Isolation, me-
dian (IQR)

45.7 (10.9) 40.4 (8.5) 45.7 (9.0) Kruskal–Wallis= 5.8;
p= 0.05

P2 < P3*

Age, mean (SD) 87.1 (3.9) 84.6 (4.0) 84.4 (3.8) Kruskal–Wallis= 3.6;
p= 0.16

Female, N (% within profile) 6 (54.5) 33 (48.5) 9 (81.8) χ 2
= 4.26;

p= 0.12

Tertiary education (college/uni-
versity), N (% within profile)

2 (18.2) 22 (32.4) 3 (27.2) Fisher’s Exact test:
p= 0.74

Living in nursing homes, N (%
within profile)

3 (27.2) 3 (0.04) 2 (18.2) Fisher’s Exact test:
p= 0.03

Single, N (% within profile) 8 (72.7) 35 (51.5) 6 (54.5) χ 2
= 2.9;

p= 0.24

Notes.
Post-hoc tests for one-way ANOVA: Tuckey’s HSD, for Kruskal–Wallis: Dunn’s test.

$Post-hoc tests (Tuckey’s HSD and Dunn’s test) were performed to identify significant differences between the three profiles (P1, P2 and P3).
*p< 0.05.
**p< 0.01.
***p< 0.0001.
F, one-way ANOVA statistic.

SB to profile two but had lower physical functioning and mental health-related QoL. A
detailed overview of the descriptive statistics per profile can be found in Table 3.

Sedentary behavior
Median UBD differed between profiles one and two, where profile one had a statistically
significant longer UBD, with 47.6 (IQR = 30.6) minutes compared to profile two, with
a median duration of 37.2 (IQR = 21.1) minutes (p= 0.02). No statistically significant
differences were found with profile three.

Physical functioning
The median physical functioning scores differed significantly among all three profile
groups. Profile one had a median score of 3.0 (IQR = 1.5), which was lower than both
profiles two (p< 0.001) and three (p= 0.01). Profiles two and three, with median scores of
9.0 (IQR= 2.0) and 8.0 (IQR= 2.0) respectively (p= 0.01), demonstrated higher physical
functioning than profile one, with profile two having a higher score than profile three.
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Cognitive functioning
The overall cognitive functioning scores were significantly lower in profile one than in
profile two, with mean (SD) scores of−0.6 (0.4) and 0.2 (0.5) respectively (p< 0.001). No
significant differences were identified with profile three.

Mental health-related quality of life
The first profile had a mean (SD) score of 64.1 (6.0), which was significantly lower than
profile two with a mean (SD) mental health-related QoL of 80.2 (7.2) (p< 0.001) and
higher than profile three with 40.1 (9.5) (p< 0.001). Mental health-related QoL differed
also significantly between profile two and three.

Feelings of social isolation
Differences were found for feelings of social isolation between profile two and three, with
median scores of 40.4 (IQR = 8.5) and 45.7 (IQR = 9.0) respectively (p= 0.05). No
significant differences were found with profile one.

Differences in socio-demographics across profiles
The Fisher’s Exact test showed significant differences between profiles for living in nursing
homes (p= 0.03). Within profile one, 27% (N = 3) of the subgroup lived in a nursing
home. For profiles two and three, this was 4% (N = 3) and 18% (N = 2) respectively.

No significant differences were found for the other socio-demographic variables (age,
sex, educational degree and family situation).

DISCUSSION
This study examined person-centered profiles in the oldest-old (aged 80 years or more)
using latent profile analysis (LPA), based on sedentary accumulation patterns and health
outcomes, including physical and cognitive functioning, mental health-related QoL and
feelings of social isolation. Considering the principles of parsimony, the interpretability
of profiles, and the evaluation of multiple fit indices (Bauer, 2022), the model with three
distinct profiles was considered as the optimal solution. The three distinct profiles were
characterized by (1) low cognitive andphysical functioning, (2) generally better functioning,
and (3) low mental health related QoL. Additionally, the study aimed to explore possible
profile prediction based on socio-demographic variables. No meaningful associations were
observed for socio-demographic variables, including age, sex, educational degree, and
family situation.

The ‘cognitively and physically frail’ profile was characterized by lower scores on both
physical and cognitive functioning. The simultaneous occurrence of cognitive and physical
impairment is to be expected, as earlier studies have demonstrated a common tendency
of decline in both these domains among older individuals (Bruce-Keller et al., 2012).
Participants in the ‘cognitively and physically frail’ profile also exhibited a significantly
less favorable sedentary accumulation pattern compared to those of the ‘healthy’ profile.
It is concerning to observe that the median UBD in this profile was 48 min, as prolonged
sedentary bouts are associated with reduced blood flow, diminished shear stress, and
disrupted postprandial metabolism (Dempsey et al., 2018; Dempsey & Thyfault, 2018;
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Peddie et al., 2021). Addressing this behavior in this cognitively and physically frail group
of the oldest-old might have the potential to improve overall functioning and mitigate the
negative consequences associated with excessive SB.

The ‘healthy profile’, which was the most prevalent among the oldest-old, scored rather
well on all health outcomes, and had the lowest usual bout duration (UBD). Although the
profile is labelled ‘healthy’, it should be noted that this is based on relative values and that
older adults in this profile still spent a significant portion of their sedentary time (ST) in
prolonged bouts, as evidenced by the median UBD of 37 min. This finding aligns with
previous research of Dohrn et al., who found a UBD of 32 min in those aged 80 years and
over (Dohrn et al., 2020). Thus, despite the relatively high scores on cognitive functioning,
physical functioning, mental health-related QoL and low scores on social isolation, the high
UBD emphasizes the need for increased efforts to reduce prolonged SB in the oldest-olds
(Copeland et al., 2017).

Finally, the ‘lower mental health related QoL’ profile was characterized by low mental
health-related QoL and higher feelings of social isolation. The clustering of these concepts
aligns with the findings form population-based cohort studies conducted by Boehlen et al.
(2022) and Tan et al. (2020) indicating that lonely older adults often experience a lower
mental health-related QoL. Surprisingly, older people belonging to this profile did not
exhibit a more unhealthy sedentary accumulation pattern than those in the ‘healthy’
profile. It should be noted that the association between mental health and sedentary
accumulation patterns has not yet been investigated in the oldest-old, and thus, the current
results cannot be directly compared with earlier findings. However, a UK study conducted
among a general cohort of older adults (mean age 78.4 years) did show that depressed
older adults spent more time in longer sedentary bouts compared to their non-depressed
counterparts (Jefferis et al., 2015).

In an attempt to identify at-risk groups based on SB patterns and health outcomes in
the oldest-old, we also examined how specific socio-demographic variables (i.e., age, sex,
educational degree, living situation and family situation) related to these three profiles.
In general, almost no significant associations were found, meaning that no specific socio-
demographic values could predict profile allocation. The difference found between profiles
for living in nursing homes carefully suggested that older adults living in nursing homes
were mainly present in the ‘cognitively and physically frail’ profile, which is in line with
another study that suggested greater levels of cognitive impairment are associated with
increasingly higher odds for moderate or severe physical frailty in older adults residing in
US nursing homes (Yuan et al., 2021). However, these results are preliminary and should
be interpreted with caution as the number of individuals in profile one was low (n= 11
of which only three were living in a nursing home). The fact that no socio-demographic
variables could be associated with a specific profile, might be partly due to the small sample
size, particularly in profiles one and three. Nonetheless, our findings imply that when
designing interventions to combat prolonged SB, a more individualized approach based
on health outcomes relevant to older adults and the duration of sedentary bouts would be
more beneficial than targeting specific socio-demographic subgroups within the oldest-old
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population. This approach ensures a focus on the individuals who are most likely to benefit
from the intervention, regardless of their demographic characteristics.

This study has some important strengths. First, the study focused on a unique target
population (older adults aged 80+ years), which is currently underrepresented in scientific
research and no previous studies examined person-centered profiles in this population
to the best of our knowledge. As life expectancy has been increasing steadily over the
last decades, and our ageing society is imposed with major challenges, it is of utmost
importance to examine how we should target our interventions and prevention strategies
to keep the oldest-old as healthy as possible for as long as possible. Second, ST, cognitive
functioning and physical functioning were measured with valid devices and tests, and
mental health-related QoL and social isolation were assessed using valid self-report scales.
Next to these strengths, some limitations should be acknowledged. A first limitation is
the convenience sampling to recruit the participants, as this limits the generalizability of
the results to ‘all’ older adults aged 80+ years. Nonetheless, the sample showed a good
distribution of sex, age, educational attainment, marital status and BMI. However, only
a limited number of participants lived in a nursing home, making it impossible to draw
firm conclusions. Finally, the total sample size was rather small, which was reflected in
the small numbers of participants included in profiles one and three. These limitations
emphasize the need for further research with larger and representative samples to enhance
the generalizability of the findings across diverse populations of the oldest-old.

CONCLUSION
In conclusion, this study identified three distinct profiles within the oldest-old population:
(1) characterized by low cognitive and physical functioning, (2) exhibiting generally better
functioning, and (3) marked by low mental health related QoL. These classifications were
based on sedentary accumulation patterns and geriatric-relevant health outcomes. The
findings highlight the association between lower levels of physical and cognitive functioning
and unhealthy sedentary patterns, with half of their sedentary bouts lasting at least 48 min.

Our study found no clear associations with specific socio-demographic factors. Instead,
our results suggest that interventions targeting prolonged SB, should adopt a more
individualized approach based on health outcomes and the duration of sedentary bouts
rather than focusing on specific socio-demographic subgroups within the oldest-old
population.

Further investigation is imperative to enhance the understanding of these subgroups, and
studies with larger sample sizes are essential to potentially identify associations between
socio-demographic factors and these at-risk groups. This will contribute to a nuanced
comprehension of the factors influencing SB and geriatric health-related outcomes in the
oldest-old population.
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E, Paloniemi S, Damşa C, eds.Methods for Researching Professional Learning and
Development. Professional and Practice-based Learning. Vol. 33. Cham: Springer
DOI 10.1007/978-3-031-08518-5_11.

Bellettiere J, Healy GN, LaMonte MJ, Kerr J, Evenson KR, Rillamas-Sun E, Di C,
Buchner DM, Hovell MF, LaCroix AZ. 2019. Sedentary behavior and prevalent
diabetes in 6 166 older women: the objective physical activity and cardiovascular
health study. The journals of gerontology. Series A, Biological sciences Medical Sciences
74(3):387–395 DOI 10.1093/gerona/gly101.

Boehlen FH, Maatouk I, Friederich H-C, Schoettker B, Brenner H,Wild B.
2022. Loneliness as a gender-specific predictor of physical and mental health-
related quality of life in older adults. Quality of Life Research 31(7):2023–2033
DOI 10.1007/s11136-021-03055-1.

Boerema ST, Van Velsen L, VollenbroekMM, Hermens HJ. 2020. Pattern measures of
sedentary behaviour in adults: a literature review. Digit Health 6:2055207620905418
DOI 10.1177/2055207620905418.

Bower K. 2003. When to use fisher’s exact test. In: Six Sigma Forum Magazine. Vol. 2.
Milwaukee, United States: American Society for Quality, 35–37.

Bruce-Keller AJ, Brouillette RM, Tudor-Locke C, Foil HC, GahanWP, Nye DM,
Guillory L, Keller JN. 2012. Relationship between cognitive domains, physical
performance, and gait in elderly and demented subjects. Journal of Alzheimer’s
Disease 30(4):899–908 DOI 10.3233/jad-2012-120025.

Cella D, RileyW, Stone A, Rothrock N, Reeve B, Yount S, Amtmann D, Bode R,
Buysse D, Choi S, Cook K, Devellis R, DeWalt D, Fries JF, Gershon R, Hahn EA,
Lai JS, Pilkonis P, Revicki D, Group PC. 2010. The Patient-Reported Outcomes
Measurement Information System (PROMIS) developed and tested its first wave
of adult self-reported health outcome item banks: 2005-2008. Journal of Clinical
Epidemiology 63(11):1179–1194 DOI 10.1016/j.jclinepi.2010.04.011.

Chastin SF, Granat MH. 2010.Methods for objective measure, quantification and
analysis of sedentary behaviour and inactivity. Gait & Posture 31(1):82–86
DOI 10.1016/j.gaitpost.2009.09.002.

Chastin SFM,Winkler EAH, Eakin EG, Gardiner PA, Dunstan DW, Owen N, Healy
GN. 2015. Sensitivity to change of objectively-derived measures of sedentary
behavior.Measurement in Physical Education and Exercise Science 19(3):138–147
DOI 10.1080/1091367X.2015.1050592.

Copeland JL, AsheMC, Biddle SJ, BrownWJ, BumanMP, Chastin S, Gardiner PA,
Inoue S, Jefferis BJ, Oka K, Owen N, Sardinha LB, Skelton DA, Sugiyama T,

Lebuf et al. (2024), PeerJ, DOI 10.7717/peerj.17505 15/19

https://peerj.com
http://dx.doi.org/10.1186/s12955-022-01992-0
http://dx.doi.org/10.1007/978-3-031-08518-5_11
http://dx.doi.org/10.1093/gerona/gly101
http://dx.doi.org/10.1007/s11136-021-03055-1
http://dx.doi.org/10.1177/2055207620905418
http://dx.doi.org/10.3233/jad-2012-120025
http://dx.doi.org/10.1016/j.jclinepi.2010.04.011
http://dx.doi.org/10.1016/j.gaitpost.2009.09.002
http://dx.doi.org/10.1080/1091367X.2015.1050592
http://dx.doi.org/10.7717/peerj.17505


Dogra S. 2017. Sedentary time in older adults: a critical review of measurement,
associations with health, and interventions. British Journal of Sports Medicine
51(21):1539 DOI 10.1136/bjsports-2016-097210.

De Fátima Ribeiro Silva C, Ohara DG, Matos AP, Pinto ACPN, Pegorari MS. 2021.
Short physical performance battery as a measure of physical performance and
mortality predictor in older adults: a comprehensive literature review. Inter-
national Journal of Environmental Research and Public Health 18(20):10612
DOI 10.3390/ijerph182010612.

Dempsey PC, Larsen RN,Winkler EAH, Owen N, Kingwell BA, Dunstan DW. 2018.
Prolonged uninterrupted sitting elevates postprandial hyperglycaemia proportional
to degree of insulin resistance. Diabetes, Obesity and Metabolism 20(6):1526–1530
DOI 10.1111/dom.13254.

Dempsey PC, Thyfault JP. 2018. Physiological responses to sedentary behaviour. In:
Leitzmann MF, Jochem C, Schmid D, eds. Sedentary behaviour epidemiology. Berlin,
Germany: Springer International Publishing, 109–153 DOI 10.1007/978-3-319-61552-3_5.

de Rezende LF, Rey-López JP, Matsudo VK, doCarmo Luiz O. 2014. Sedentary behavior
and health outcomes among older adults: a systematic review. BMC Public Health
14:333 DOI 10.1186/1471-2458-14-333.

Dohrn I-M, Gardiner PA,Winkler E, Welmer A-K. 2020. Device-measured seden-
tary behavior and physical activity in older adults differ by demographic and
health-related factors. European Review of Aging and Physical Activity 17:8
DOI 10.1186/s11556-020-00241-x.

Dogra S, Dunstan DW, Sugiyama T, Stathi A, Gardiner PA, Owen N. 2022. Active aging
and public health: evidence, implications, and opportunities. Annual Review of Public
Health 43:439–459 DOI 10.1146/annurev-publhealth-052620-091107.

Ekelund U, Tarp J, Steene-Johannessen J, Hansen BH, Jefferis B, FagerlandMW,
Whincup P, Diaz KM, Hooker SP, Chernofsky A, LarsonMG, Spartano N, Vasan
RS, Dohrn IM, HagströmerM, Edwardson C, Yates T, Shiroma E, Anderssen
SA, Lee IM. 2019. Dose–response associations between accelerometry measured
physical activity and sedentary time and all cause mortality: systematic review and
harmonised meta-analysis. BMJ 366:l4570 DOI 10.1136/bmj.l4570.

Gennuso KP, Thraen-Borowski KM, Gangnon RE, Colbert LH. 2016. Patterns of seden-
tary behavior and physical function in older adults. Aging Clinical and Experimental
Research 28(5):943–950 DOI 10.1007/s40520-015-0386-4.

Gheysen F, Herman K, Van Dyck D. 2019. Cognitive functioning as a moderator in the
relationship between the perceived neighborhood physical environment and physical
activity in belgian older adults. Journal of Aging and Physical Activity 27(4):890–898
DOI 10.1123/japa.2018-0277.

Guralnik JM, Simonsick EM, Ferrucci L, Glynn RJ, Berkman LF, Blazer DG, Scherr PA,
Wallace RB. 1994. A short physical performance battery assessing lower extremity
function: association with self-reported disability and prediction of mortality and
nursing home admission. Journals of Gerontology Series a: Biological Sciences and
Medical Sciences 49(2):M85–94 DOI 10.1093/geronj/49.2.m85.

Lebuf et al. (2024), PeerJ, DOI 10.7717/peerj.17505 16/19

https://peerj.com
http://dx.doi.org/10.1136/bjsports-2016-097210
http://dx.doi.org/10.3390/ijerph182010612
http://dx.doi.org/10.1111/dom.13254
http://dx.doi.org/10.1007/978-3-319-61552-3_5
http://dx.doi.org/10.1186/1471-2458-14-333
http://dx.doi.org/10.1186/s11556-020-00241-x
http://dx.doi.org/10.1146/annurev-publhealth-052620-091107
http://dx.doi.org/10.1136/bmj.l4570
http://dx.doi.org/10.1007/s40520-015-0386-4
http://dx.doi.org/10.1123/japa.2018-0277
http://dx.doi.org/10.1093/geronj/49.2.m85
http://dx.doi.org/10.7717/peerj.17505


Han X,Wang X,Wang C,Wang P, Han X, ZhaoM, Han Q, Jiang Z, MaoM, Chen
S,Welmer AK, Launer LJ, Wang Y, Du Y, Qiu C. 2022. Accelerometer-assessed
sedentary behaviour among Chinese rural older adults: patterns and associ-
ations with physical function. Journal of Sports Sciences 40(17):1940–1949
DOI 10.1080/02640414.2022.2122321.

Hart TL, Ainsworth BE, Tudor-Locke C. 2011. Objective and subjective measures of
sedentary behavior and physical activity.Medicine and Science in Sports and Exercise
43(3):449–456 DOI 10.1249/MSS.0b013e3181ef5a93.

Harvey JA, Chastin SF, Skelton DA. 2013. Prevalence of sedentary behavior in older
adults: a systematic review. International Journal of Environmental Research and
Public Health 10(12):6645–6661 DOI 10.3390/ijerph10126645.

Harvey JA, Chastin SF, Skelton DA. 2015.How sedentary are older people? A systematic
review of the amount of sedentary behavior. Journal of Aging and Physical Activity
23(3):471–487 DOI 10.1123/japa.2014-0164.

Heesch KC, Hill RL, Aguilar-Farias N, vanUffelen JGZ, Pavey T. 2018. Validity of
objective methods for measuring sedentary behaviour in older adults: a systematic
review. The International Journal of Behavioral Nutrition and Physical Activity
15(1):119 DOI 10.1186/s12966-018-0749-2.

Jefferis BJ, Sartini C, Shiroma E,Whincup PH,Wannamethee SG, Lee I-M. 2015. Dura-
tion and breaks in sedentary behaviour: accelerometer data from 1566 community-
dwelling older men (British Regional Heart Study). British Journal of Sports Medicine
49(24):1591–1594 DOI 10.1136/bjsports-2014-093514.

Júdice PB, Silva AM, Santos DA, Baptista F, Sardinha LB. 2015. Associations of breaks
in sedentary time with abdominal obesity in Portuguese older adults. AGE 37(2):23
DOI 10.1007/s11357-015-9760-6.

Katzmarzyk PT, Powell KE, Jakicic JM, Troiano RP, Piercy K, Tennant B, Physical
Activity Guidelines Advisory C. 2019. Sedentary behavior and health: update from
the 2018 physical activity guidelines advisory committee.Medicine and Science in
Sports and Exercise 51(6):1227–1241 DOI 10.1249/MSS.0000000000001935.

LenehanME, Summers MJ, Saunders NL, Summers JJ, Vickers JC. 2016. Does the
Cambridge automated neuropsychological test battery (CANTAB) distinguish
between cognitive domains in healthy older adults? Assessment 23(2):163–172
DOI 10.1177/1073191115581474.

Lubke G, Neale MC. 2006. Distinguishing between latent classes and continuous factors:
resolution by maximum likelihood?Multivariate Behavioral Research 41(4):499–532
DOI 10.1207/s15327906mbr4104_4.

McCrum-Gardner E. 2008.Which is the correct statistical test to use? British Journal of
Oral and Maxillofacial Surgery 46(1):38–41 DOI 10.1016/j.bjoms.2007.09.002.

Morris AS, Murphy RC, Shepherd SO, Healy GN, Edwardson CL, Graves LEF. 2019. A
multi-component intervention to sit less and move more in a contact centre setting:
a feasibility study. BMC Public Health 19(1):292 DOI 10.1186/s12889-019-6615-6.

Lebuf et al. (2024), PeerJ, DOI 10.7717/peerj.17505 17/19

https://peerj.com
http://dx.doi.org/10.1080/02640414.2022.2122321
http://dx.doi.org/10.1249/MSS.0b013e3181ef5a93
http://dx.doi.org/10.3390/ijerph10126645
http://dx.doi.org/10.1123/japa.2014-0164
http://dx.doi.org/10.1186/s12966-018-0749-2
http://dx.doi.org/10.1136/bjsports-2014-093514
http://dx.doi.org/10.1007/s11357-015-9760-6
http://dx.doi.org/10.1249/MSS.0000000000001935
http://dx.doi.org/10.1177/1073191115581474
http://dx.doi.org/10.1207/s15327906mbr4104_4
http://dx.doi.org/10.1016/j.bjoms.2007.09.002
http://dx.doi.org/10.1186/s12889-019-6615-6
http://dx.doi.org/10.7717/peerj.17505


Muthen B, Muthen LK. 2000. Integrating person-centered and variable-centered
analyses: growth mixture modeling with latent trajectory classes. Alcoholism: Clinical
and Experimental Research 24(6):882–891 DOI 10.1111/j.1530-0277.2000.tb02070.x.

Peddie MC, Kessell C, Bergen T, Gibbons TD, Campbell HA, Cotter JD, Rehrer
NJ, Thomas KN. 2021. The effects of prolonged sitting, prolonged standing,
and activity breaks on vascular function, and postprandial glucose and in-
sulin responses: a randomised crossover trial. PLOS ONE 16(1):e0244841
DOI 10.1371/journal.pone.0244841.

PROMIS. 2021. Social isolation scoring manual. Available at https://www.healthmeasures.
net/images/PROMIS/manuals/Scoring_Manuals_/PROMIS_Social_Isolation_Scoring_
Manual.pdf .

Rosenberg DE, Rillamas-Sun E, Bellettiere J, LaMonte M, Buchner DM, Di C, Hunt
J, Marshall S, StefanickM, Zhang Y, LaCroix AZ. 2021. Accelerometer-measured
sedentary patterns are associated with incident falls in older women. Journal of the
American Geriatrics Society 69(3):718–725 DOI 10.1111/jgs.16923.

Rosenberg J, Beymer P, Anderson D, Van Lissa CJ, Schmidt J. 2018. tidyLPA:
an R Package to easily carry out latent profile analysis (LPA) using open-
source or commercial software. Journal of Open Source Software 3(30):978
DOI 10.21105/joss.00978.

Sedentary Behaviour Research N. 2012. Letter to the editor: standardized use of the
terms sedentary and sedentary behaviours. Applied Physiology, Nutrition, and
Metabolism 37(3):540–542 DOI 10.1139/h2012-024.

Smith PJ, Need AC, Cirulli ET, Chiba-Falek O, Attix DK. 2013. A comparison of the
Cambridge Automated Neuropsychological Test Battery (CANTAB) with traditional
neuropsychological testing instruments. Journal of Clinical and Experimental
Neuropsychology 35(3):319–328 DOI 10.1080/13803395.2013.771618.

Tan SS, Fierloos IN, Zhang X, Koppelaar E, Alhambra-Borras T, Rentoumis T,
Williams G, Rukavina T, Van Staveren R, Garces-Ferrer J, Franse CB, Raat H.
2020. The association between loneliness and health related quality of life (HR-QoL)
among community-dwelling older citizens. International Journal of Environmental
Research and Public Health 17(2):600 DOI 10.3390/ijerph17020600.

TremblayMS, Aubert S, Barnes JD, Saunders TJ, Carson V, Latimer-Cheung AE,
Chastin SFM, Altenburg TM, ChinapawMJM. 2017. Sedentary Behavior Re-
search Network (SBRN) –Terminology Consensus Project process and outcome.
International Journal of Behavioral Nutrition and Physical Activity 14(1):75
DOI 10.1186/s12966-017-0525-8.

Vasilopoulos T, Kotwal A, Huisingh-Scheetz MJ, Waite LJ, McClintockMK, DaleW.
2014. Comorbidity and Chronic Conditions in the National Social Life, Health and
Aging Project (NSHAP), Wave 2. The Journals of Gerontology Series B: Psychological
Sciences and Social Sciences 69(Suppl 2):S154–S165.

von Elm E, Altman DG, Egger M, Pocock SJ, Gotzsche PC, Vandenbroucke JP,
Initiative S. 2014. The strengthening the reporting of observational studies in

Lebuf et al. (2024), PeerJ, DOI 10.7717/peerj.17505 18/19

https://peerj.com
http://dx.doi.org/10.1111/j.1530-0277.2000.tb02070.x
http://dx.doi.org/10.1371/journal.pone.0244841
https://www.healthmeasures.net/images/PROMIS/manuals/Scoring_Manuals_/PROMIS_Social_Isolation_Scoring_Manual.pdf
https://www.healthmeasures.net/images/PROMIS/manuals/Scoring_Manuals_/PROMIS_Social_Isolation_Scoring_Manual.pdf
https://www.healthmeasures.net/images/PROMIS/manuals/Scoring_Manuals_/PROMIS_Social_Isolation_Scoring_Manual.pdf
http://dx.doi.org/10.1111/jgs.16923
http://dx.doi.org/10.21105/joss.00978
http://dx.doi.org/10.1139/h2012-024
http://dx.doi.org/10.1080/13803395.2013.771618
http://dx.doi.org/10.3390/ijerph17020600
http://dx.doi.org/10.1186/s12966-017-0525-8
http://dx.doi.org/10.7717/peerj.17505


epidemiology (STROBE) Statement: guidelines for reporting observational studies.
International Journal of Surgery 12(12):1495–1499 DOI 10.1016/j.ijsu.2014.07.013.

Ware JE. 1994. SF-36 physical and mental health summary scales: user’s manual. Boston:
Health Institute, New England Medical Center.

Webster KE, ZhouW, Gallagher NA, Smith EML, Gothe NP, Ploutz-Snyder R,
Colabianchi N, Larson JL. 2021. Device-measured sedentary behavior in oldest old
adults: a systematic review and meta-analysis. Preventive Medicine Reports 23:101405
DOI 10.1016/j.pmedr.2021.101405.

Wilmot EG, Edwardson CL, Achana FA, Davies MJ, Gorely T, Gray LJ, Khunti K,
Yates T, Biddle SJ. 2012. Sedentary time in adults and the association with diabetes,
cardiovascular disease and death: systematic review and meta-analysis. Diabetologia
55(11):2895–2905 DOI 10.1007/s00125-012-2677-z.

Winkler EA, Bodicoat DH, Healy GN, Bakrania K, Yates T, Owen N, Dunstan DW,
Edwardson CL. 2016. Identifying adults’ valid waking wear time by automated
estimation in activPAL data collected with a 24 h wear protocol. Physiological
Measurement 37(10):1653–1668 DOI 10.1088/0967-3334/37/10/1653.

Yuan Y, Lapane KL, Tjia J, Baek J, Liu S-H, Ulbricht CM. 2021. Physical frailty and
cognitive impairment in older nursing home residents: a latent class analysis. BMC
Geriatrics 21(1):487 DOI 10.1186/s12877-021-02433-1.

Lebuf et al. (2024), PeerJ, DOI 10.7717/peerj.17505 19/19

https://peerj.com
http://dx.doi.org/10.1016/j.ijsu.2014.07.013
http://dx.doi.org/10.1016/j.pmedr.2021.101405
http://dx.doi.org/10.1007/s00125-012-2677-z
http://dx.doi.org/10.1088/0967-3334/37/10/1653
http://dx.doi.org/10.1186/s12877-021-02433-1
http://dx.doi.org/10.7717/peerj.17505

