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ABSTRACT

Background: This study aimed to identify accelerometer measured daily physical activity patterns,

and to examine how they associate with health-related physical fitness among aging workers.

Methods: The study population consisted of 263 participants (mean age 62.4 years, SD 1.0) from
the Finnish Retirement and Aging Study, who used wrist-worn ActiGraph accelerometer for at least
one week including both workdays and days off. Health-related physical fitness measures included
body composition (waist circumference, bioimpedance), cardiorespiratory fitness (CRF) (bicycle

ergometer test) and muscular fitness (push-up and chair rise tests).

Results: Based on the latent class trajectory analysis, six trajectories were identified for workdays
showing variation in activity level on working hours and on evening hours. Moderate activity
during working hours and increase of activity level in the evening was associated with the most
favorable health-related fitness in comparison to low activity throughout the workday: waist
circumference 90.0 cm (95% CI 85.5-94.5) vs. 99.5 cm (95% CI1 96.8-102.3), fat mass 13.9 kg
(9.3-18.5) vs. 23.8 kg (20.2-27.4), CRF 33.4 ml/kg/min (95% CI 31.4-35.3) vs. 29.1 ml/kg/min
(95% CI 27.8-30.3) (adjusted for age, sex, days off activity, smoking and alcohol). For the days off,
two different trajectories were identified, but they differed only in terms of level and not by timing

of physical activity.

Conclusions: A large variation in the workday physical activity patterns was observed among aging
workers. Independent of worktime activity, people who were more active in the evenings had more

favorable health-related physical fitness than those who were less active throughout the day.

Key words: latent class analysis, occupational physical activity, leisure-time physical activity, body

composition, physical fitness



Physical activity is widely reported to improve health and reduce risk of chronic condition (1). It
has also been shown that physical inactivity reduces productivity at work (2) as well as increases
risk for sickness absence (2), disability pension and unemployment (3). With the aging workforce
and national goals to extend working lives into older ages in western countries, there is a need for
detailed understanding of the physical activity behavior among aging workers and their associations

with health indicators.

Several studies have recently described daily patterns of physical activity based on
accelerometer measurements in various subpopulations, including aging workers (4), and found that
the level and patterns of physical activity differ by sex, age groups, and working status (4-6).
Examining patterns of total physical activity may be especially informative among older adults who
engage less in moderate-to-vigorous intensity activities. However, the current research is still
mainly focused on presenting average activity values and patterns of the target population or its
subgroups, although wide between-individual variation exists, e.g. due to differences in work-
related activities or leisure-time activity preferences (4). Consequently, there is a need for more
detailed understanding of the heterogeneity in people’s activity behavior, because the health-related
effects of physical activity may differ depending on the context and setting of physical activity. A
suitable statistical approach to recognize different physical activity patterns is a group-based
trajectory modelling, such as latent class trajectory analysis (7), which allows identification of
potential latent subgroups within the study population that show similar patterns of activity

throughout the day.

To our knowledge, only two previous studies have utilized accelerometer data to describe
latent activity patterns in working-age adults (8, 9). Metzger at al. examined physical activity
patterns across 7-day week in a population-based cohort study from the US (9), and Gupta et al.
reported movement behavior profiles across work and leisure-time during workdays based on a

Danish study, mostly consisting blue-collar workers (8). The main limitation in these studies is that
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they did not specifically consider differences between workdays and days off, although activity
patterns on workdays and days off are inherently different due to work-related tasks. Moreover,
since days off may provide opportunities for leisure-time physical activity, activity level on days off
should be therefore considered when examining health associations with workday physical activity.
Importantly, both of these earlier studies were based on adult working-age population, and therefore

further research among aging workers is warranted.

Distinguishing different activity patterns within a day and between days is important, because
very little is known about which activity patterns are the most beneficial for health. It has been
suggested e.g. that health related effects of physical activity at leisure-time and at work are
different: moderate and high levels of leisure-time physical activity are associated with reduced risk
of cardiovascular diseases (10, 11), long-term sickness absence (12) and mortality (13), whereas
high occupational physical activity shows no association or increased risk of these health outcomes
(10-12). However, these findings are based on self-reported physical activity at work and leisure,
and thus there is a need to examine daily physical activity patterns based on more objective
measurement of physical activity. Moreover, the associations of daily physical activity patterns with
more proximal activity-related health indicators, such as health-related physical fitness, are poorly
understood, although health-related physical fitness is important not only for daily functioning, but
also in the prevention of major chronic diseases, including cardiovascular disease, type 2 diabetes,

bone and joint diseases, cancer and depression (14).

To address some of the gaps in the literature, the first aim of this study was to identify
accelerometer measured daily physical activity patterns during workdays and days off among aging
workers by using the latent class trajectory analysis. The second aim was to examine how these
physical activity patterns were associated with health-related physical fitness, including body
composition, cardiorespiratory fitness and muscular fitness, by taking into account the physical

activity level on days off.



MATERIALS AND METHODS

Participants

The study population consisted of participants from the Finnish Retirement and Aging Study
(FIREA), an ongoing longitudinal cohort study of older adults in Finland established in 2013. Details
of the design and implementation of the FIREA study have been reported in detail elsewhere (15).
Shortly, participants were first contacted 18 months prior to their estimated retirement date by sending
a questionnaire. After responding to the questionnaire, Finnish-speaking participants with estimated
retirement date between 2017 and 2019, who lived in the Southwest Finland and were still working,
were invited to participate in a clinical sub-study (n=773). Of them, 290 participated in the clinical
sub-study and 281 participants provided accelerometer data on at least four valid days with >10 hours
of waking wear time. Because the focus was on daytime physical activity patterns (hours between
6:00 to 22:00), we excluded participants who worked night or evening shifts (working hours after
18:00) during the measurement week, or who had less than 8 hours of measurement between 6:00

and 22:00, resulting in an analytic sample of 263 participants.

Informed consent was obtained from all the participants. The FIREA study was conducted in
line with the Declaration of Helsinki and was approved by the Ethics Committee of Hospital District

of Southwest Finland.

Accelerometer measurements
Physical activity was measured 24-hours per day with a triaxial ActiGraph (wActiSleep-BT)
accelerometer (ActiGraph, Pensacola, Florida, US) worn on non-dominant wrist for minimum of

seven days and nights, including at least two workdays and two days off.

The ActiGraph was initialized to record at 80 Hz. During a study visit, a study nurse gave the

participants both oral and written information on how to wear the accelerometer. The participants



were instructed to wear the device at all times, including during water-based activities such as
swimming, but to remove it for sauna bathing. In an accompanying log, the participants were asked
to mark whether the measurement day was a workday or day off, and record the time of the beginning
and end of each work shift for each workday they wore the device. After the measurement period, the
participants returned the device and the log by mail. Data collection took place between October 2015

and May 2018 including all the four seasons (28% spring, 9% summer, 27% fall, and 37% winter).

Data from the accelerometers were downloaded and converted into 60 second epochs in the
ActiL.ife software, version 6.13 (ActiGraph, Pensacola, Florida, US). We used the vector magnitude
(VM) counts per minute (CPM) which was calculated as the square root of the sum of squared activity
counts of the three axes. We included wake wear time between the first and last time recorded in the
participant log. We excluded non-wear time using the algorithm developed by Choi et al, which has
been validated for wrist-worn triaxial accelerometers (16). We further excluded sleep time by the
ActiGraph algorithm available in the ActiLife software (17, 18) and hours with less than 60 minutes
of wear time. A valid measurement day was defined as minimum of 10 hours of wake wear time (19).
In the current study, the mean number of valid measurement days was 8.7 (SD 1.8), which clearly
exceeds the commonly used criteria of four valid days (19). For the analyses we used two measures
of physical activity: 1) mean VM CPM for each hour of the day (hours between 6:00 and 22:00) for

the trajectory analyses and 2) mean daily VM CPM as an indicator of total physical activity volume.

Assessment of health-related physical fitness
Three components of health-related physical fitness were measured: body composition, muscular

fitness and cardiorespiratory fitness.

During a clinical visit, waist circumference was measured to the nearest 0.1 cm directly on the

participant’s skin, in the midpoint of the lowest rib and the iliac crest, during light exhalation. The



measurement was repeated twice, and the mean value was used in the analysis. Body composition
was measured by an eight-polar bioimpedance method using multifrequency current (BIA) (Inbody
™ 720, Biospace Co., Seoul, Korea) with the participants wearing only light clothing and having had
a 10-hour fast, and avoiding strenuous exercise the day before the measurements. For the current
study we used total fat mass (kg) and skeletal muscle mass (kg) as the body composition indicators.

Due to a device malfunction, seven participants did not receive valid results for body composition.

After the body composition measurement, lower extremity performance was measured with a
chair rise test (20), in which participants were asked to stand up and sit down as quickly as possible
10 times with their hands folded across their chest. Time (in seconds) to complete the test was

recorded. One person was unable to perform the test due to back pain.

Physical fitness tests were performed by an experienced exercise physiologist in a standard
sequence within one month from the accelerometer measurement and the first clinical visit.
Measurement of upper-body strength and stability was tested with a modified push-up test (21).
Participants were asked to perform as many push-ups as possible during 40 seconds. Number of
repetitions was used in the analyses. If participant was unable to successfully perform at least one
push-up, then value 0 was given. 18 participants did not conduct the test due to musculoskeletal pain
in the shoulder or back region, 18 had contraindications (arrhythmia, coronary artery disease,
myocardial infarction or other cardiovascular disease), and 28 were unwilling to participate to the

second study visit.

After individually performed muscular fitness tests, cardiorespiratory fitness was measured in
a group of 3-4 persons with indirect submaximal bicycle ergometer test with Ergoselect 100 K
(Ergoline, Germany) according to the American College of Sports Medicine guidelines (22). The test
started with a 5-minute warm-up period with a workload 20-40 watts for women and 30-50 watts for

men. The 12-minute test consisted three graded workloads and the load was increased every four



minutes according to the protocol until 85-90 % of the age-predicted maximal heartrate (210-
0.65*age) or the rating of perceived exertion over 15 was achieved. Maximal working capacity was
extrapolated by using workloads and heartrates collected during the test and it was then converted
into peak oxygen consumption (VO2peak) (ml/kg/min) by using formula (11.02*watts)/body weight
+ 7 (22). 18 participants were unable to conduct the test because of contraindications (arrhythmia,
coronary artery disease, myocardial infarction or other cardiovascular disease) and 29 did not want

to participate to the bicycle ergometer test.

Assessment of covariates

Sex, date of birth, and occupational title were obtained from the register of pension institute Keva.
The occupational titles were coded according to the International Standard Classification of
Occupations (ISCO) and categorized into three groups: high (ISCO classes 1-2, managers and
professionals), intermediate (ISCO classes 3-4, associate professionals and office workers) and low
(ISCO classes 5-9, service and manual workers). The ISCO was also used together with validated
sex-specific job exposure matrix for physical exposures to identify physically heavy work (no vs.
yes) (23, 24).

Information from the questionnaire was used to define marital status (married or cohabiting
vs. not), current smoking (no vs. yes), and alcohol use (no/moderate vs. risk use (>24 units for men
and >16 units for women)). Chronic diseases diagnosed by a physician (angina pectoris, myocardial
infarction, cerebrovascular disease, osteoarthritis, rheumatoid arthritis, diabetes and asthma) were
enquired in the questionnaire and participants were categorized as having no disease, one disease or
two or more diseases. Body mass index (BMI) was calculated from self-reported weight and height
and categorized into normal weight (<25 kg/m?), overweight (25 — 30 kg/m?) and obese (>30
kg/m?). To measure non-occupational physical activity, respondents were asked to estimate their

average weekly hours of leisure-time physical activity (including commuting) within the previous



year in walking, brisk walking, jogging, and running, or their equivalent activities (25). The time
spent on activity at each intensity level in hours per week was multiplied by the average energy
expenditure of each activity, expressed in metabolic equivalent (MET) (26). Self-reported non-
occupational physical activity was categorized as low <14 MET, moderate >14 to <30 MET and

high >30 MET (27).

Statistical analysis

Analyses were conducted in two stages. First, we examined the heterogeneity in the daily physical
activity separately for workdays and days off by using Latent trajectory analysis (PROC TRAJ in
SAS 9.4, SAS Institute Inc., Cary, NC, USA). We used Nagin’s two-step procedure to determine
the optimal number trajectories and chose the number and order of regression parameters (28). In
the first step, we fitted increasing number of trajectory models with curvilinear polynomial shape
for physical activity until no improvement in model fit was observed. Assessment of model fit was
based on Bayesian information criterion values (BIC), Akaike information criterion values (AIC),
Log-likelihood and posterior probabilities. In the second step, we tested models with quadratic and
linear trajectories for the selected models chosen in the first step. The best fitting trajectory model
for workdays and days off were chosen, and used as a group variable in the following analytical

stage.

Characteristics of the study population and by the trajectory groups are presented as mean
values and standard deviations for the continuous variables and percentages for the categorical
variables. To describe the daily physical activity volume across the trajectories, we calculated mean
daily waking hour activity counts per minute (CPM) and their 95% confidence intervals (Cl) by
using analyses of covariance (ANCOVA, PROC GLM in SAS) and taking into account age and sex.

Finally, we examined differences in health-related physical fitness between the trajectories of daily



physical activity on workdays and days off by using ANCOVA. We started with age and sex
adjusted model (model 1), then adjusted for physical activity pattern during days off / workdays,
smoking and alcohol risk use (model 2). These covariates were chosen, because they can confound

the association between daily physical activity and health-related physical fitness.

Finally, to examine selection into the current clinical sub-study, we examined whether self-
reported non-occupational physical activity and BMI, as well as sociodemographic characteristics
and other health indicators differed between the participants of the current study and those FIREA
participants who responded only to the survey and were either still working or retired at the time of

the baseline survey.

All analyses were performed using statistical software SAS version 9.4 (SAS Institute Inc.,

Cary, NC, USA).

RESULTS
Characteristics of the study population are shown in Table 1. The participants were on average 62.4
(SD 1.0) years of age, majority of them were women and married or cohabiting. Occupational status

was relatively equally distributed into high, intermediate and low groups.

For the workdays, six-trajectory solution of daily physical activity with curvilinear
polynomial shape yielded the best fit (BIC = -34899.8 / AIC = -34835.5). Model fit statistics of the
latent trajectory analyses are presented in Supplementary Table 1. Figure 1 shows the six latent
class trajectories for daily physical activity on workdays. Two trajectories included two thirds of the
participants indicating groups of people who had constantly low physical activity during the day,
named as “Low throughout the day” (33%), and people who had moderate level physical activity
during the day, but decreased in the evening, named as “Moderate during the day and decrease in

the evening” (32%). Other trajectories were “Low during the day and increase in the evening” (7%),
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“Moderate during the day and increase in the evening” (12%), “High during the day and decrease in
the evening” (10%), and “Highest during the day and active in the evening” (6%), and. Figure 2
shows average daily physical activity volume across the workday trajectory groups. The highest
activity volume was observed in the “Highest during the day and active in the evening” trajectory
(3928 VM CPM, 95% CI 3784-4073) and lowest in the “Low throughout the day” trajectory (1841

VM CPM, 95% CI 1779-1902).

For the days off, two-trajectory solution of daily physical activity with curvilinear polynomial
shape yielded the best fit (BIC = -34999.1 / AIC = -34977.6) (Supplementary Table 1). As shown in
Figure 1, both trajectories showed similar pattern throughout the day with increase in activity
during mid-day following a decrease towards evening hours, and the trajectories differed only by
the level: 60% of the individuals belonged to the lower activity trajectory and 40% to the higher
activity trajectory. There was a clear difference in the mean daily physical activity volume between
the lower activity (2042 VM CPM, 95% CI 1972-2114) and the higher activity (2915 VM CPM,

95% CI 2819-3011) trajectories (Figure 2).

Description of the study sample characteristics according to workday physical activity
trajectory groups are shown in Table 1. “Low throughout the day” trajectory group was
characterized by fewer women and lower days off activity compared to the other trajectory groups.
On the other hand, physically heavy work, job strain and not married or cohabiting was more
common in the “High during the day and decrease in the evening” trajectory group than in the other
trajectory groups. In addition, low occupational status was most common in the “High during the
day and decrease in the evening” and the “Highest during the day and active in the evening”
trajectory groups. Since work shifts start usually earlier in the morning in the service and manual
occupations, this may partly explain higher morning activity in these two trajectories compared to

the other trajectory groups. The trajectory groups did not markedly differ by smoking, alcohol risk
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use or disease status. Lower days off activity was more common in those trajectory groups, which

showed lower activity in the evenings.

Table 2 shows the mean levels of health-related physical fitness indicators according to the
physical activity trajectory groups on workdays. Participants in the “Low throughout the day”
group, which indicates the least active group, had higher fat mass and waist circumference
compared to all other physical activity trajectory groups, except “High during the day and decrease
in the evening” group and “Highest during the day and active in the evening” (only for fat mass),
after accounting for physical activity pattern on days off and lifestyle factors. In addition,
participants who were more active in the evenings than during working hours, i.e. “Low during the
day and increase in the evening” and “Moderate during the day and increase in the evening”
trajectory groups, had the lowest waist circumference and fat mass. Skeletal muscle mass was

relatively similar across the trajectory groups.

In terms of cardiorespiratory fitness, the participants in the “Low throughout the day” group
performed poorer than the participants in the “Low during the day and increase in the evening”, the
“Moderate during the day and decrease in the evening” and the “Moderate during the day and
increase in the evening” groups. Results for chair rise and push-up tests were poorest in the “Low
throughout the day” and best in the “Moderate during the day and increase in the evening” groups.
After accounting for physical activity pattern on days off and lifestyle factors, the statistical
significant differences in cardiorespiratory fitness and push-up test remained only between the

“Moderate during the day and increase in the evening” and the “Low throughout the day” groups.

Comparisons of health-related physical fitness indicators between the two trajectory groups
on days off are shown in Table 3. Participants in the higher activity trajectory group had less
adiposity, more muscle mass and better physical fitness than those in the lower activity trajectory

group when age and sex were adjusted for. After taking into account physical activity pattern on
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workdays and lifestyle factors, the differences across the groups attenuated, but remained

statistically significant for muscle mass and cardiorespiratory fitness.

Finally, selection into the study was examined by comparing the study participants to those
FIREA participants who responded only to the survey and were either still working or retired at the
time of the baseline survey (Supplementary Table 2). The participants of the current study were
physically more active and had lower BMI compared to the working or retired survey participants.
In addition, the participants included in the current analyses had higher occupational position,

smoked less and had fewer chronic diseases than the survey only participants.

DISCUSSION

Based on a well-characterized cohort of aging workers from Finland, we aimed at identifying daily
physical activity patterns during workdays and days off as well as differences in health-related
physical fitness between the patterns. We found six different trajectories on workdays, which were
characterized by large variation in the daily physical activity in terms of amount and timing of
physical activity. On the other hand, only two different patterns were observed on days off, and they
differed only in terms of the level of physical activity, but not by the timing of physical activity.
The present study enhances our understanding of the heterogeneity of physical activity behaviour
within and between days as well as provides new knowledge on the associations between different

daily physical activity patterns and health-related physical fitness.

Our findings based on 24-hour accelerometer measurement and latent trajectory approach
expand the previous literature, which has identified different patterns of physical activity based on
self-reported data among adult populations (29-31). A recent Danish study also utilized
accelerometer data and examined movement behavior profiles at work and leisure (8), but due to a

different analytical approach and age distribution of the participants, detailed comparison of the
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results is difficult. However, similarly with ours, they also found different activity profiles
characterized by variation in activity level at work and leisure. We identified six different trajectory
groups on workdays when they found four distinct groups, which could be explained by the fact that
Danish study population was much more homogeneous in terms of occupations and consisted of
mainly blue-collar workers, whereas our study population included participants with various

occupations.

An added value of our study was that we considered physical activity not only on workdays
but also on days off. We found that there is much more diversity in physical activity patterns on
workdays than on days off which can be partly explained by the wide variation of work-related
tasks and requirements and different activity behaviors in the evening hours. We also observed that
people who were less active in the evening hours on workdays showed also lower activity levels
during days off contributing to lower overall physical activity. Although we conducted separate
analyses for workdays and days off, considering total physical activity during the entire week is
important when examining associations with health-related fitness. Therefore, the analyses
regarding workday physical activity patterns were adjusted for activity level on days off, and vice

versa.

To the best of our knowledge, this is the first study to examine associations between different
activity patterns and various health-related physical fitness indicators. We found that people with
low activity throughout the workday had more adiposity and poorer cardiorespiratory and lower and
upper-body muscular fitness in comparison to people with low or moderate activity during day, but
higher activity in the evening, reflecting higher health enhancing leisure-time activity. We also
found discrepancies between total activity volume and health-related physical fitness indicators.
Although there was a clear difference in total daily activity volume between the “Low during the
day and increase in the evening” (2308 VM CPM, 95% CI 2168-2448), the “High during the day

and decrease in the evening” (3083 VM CPM, 95% CI 2960-3205), and the “Highest during the day
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and active in the evening” (3928 VM CPM, 95% CI 3784-4073) groups, the health-related physical
fitness indicators were relatively similar across the groups. However, the participants in the “High
during the day and decrease in the evening” group tended to have higher adiposity than participants
in the two other trajectory groups, which were more active in the evening, but due to low statistical
power the differences were not statistically significant. These findings give support to the “physical
activity paradox” suggesting that occupational physical activity, although at high volume but often
monotonous with too little breaks, does not produce the same health benefits as leisure-time
physical activity, which is characterized by voluntary and dynamic movements with enough
recovery (12, 32). This is especially important for the aging workers for whom the physical working
capacity may be reduced in respect to the occupational demands at work, and they are working at
higher relative effort than the younger employees are. Moreover, transition from work to retirement
may induce greater changes in daily physical activity for those who have had high level of
occupational physical activity. Indeed, a recent study suggests that especially women who retired

from manual occupations decreased their total physical activity after retirement (33).

On the other hand, the comparison between the two groups with highest occupational physical
activity shows that the “High activity during day and decrease in the evening” group had a slightly
higher adiposity, but similar cardiorespiratory and muscular fitness, than the “Highest activity
during day and active in the evening” group. These findings must be interpreted in respect to the
relatively high age of the study population and cross-sectional nature of this study. It is possible that
physically demanding work may partly support maintenance of cardiorespiratory and muscular
fitness among aging workers, but the differences in daily physical activity volume may explain
lower adiposity in the “Highest activity during day and active in the evening” group. Moreover,
there is also selection regarding the ability to continue working in physically demanding occupation

until statutory retirement age and therefore the differences in health-related physical fitness across
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the different daily physical activity pattern groups could be larger in younger occupational cohorts

and should be studied in future research.

The main strengths of the study include the data-driven trajectory modelling of hourly
physical activity, which enabled us to identify various activity patterns throughout the day. In
comparison to the previous studies relying on population-level average values, latent trajectory
analysis allows examination of development and variation of physical activity over time. Second,
physical activity measurements were based on wrist accelerometry allowing quantification of hour-
by-hour patterns of physical activity over 24-hours across a number of days. This can overcome the
limitations of self-reported measures of activity behaviour, which poorly capture light-intensity
activities and physical activity at work and are subject to recall bias (34). Finally, our study
population was very homogeneous in terms of their age and work ability, thus reducing bias due to

age-related differences in physical activity and health-related physical fitness.

The study has also some limitations that warrant discussion. The indicator for physical
activity volume was hourly and weekly vector magnitude counts per minute as used in the previous
studies (4-6, 33). Currently, there are no validated count-based cut-off values for different activity
intensities for wrist-worn accelerometers, and therefore it was not possible to compare activity
levels in different physical trajectories to health recommendations. The current analyses aimed to
examine variation in activity behavior within workdays and days off, but it would be interesting to
examine even in more detail the variation within the working hours and leisure-time on workdays to
better capture the possible discrepancy in occupational and leisure-time physical activity. This kind
of analyses require larger sample size than was available for the current study. Future studies are
needed to examine the patterns of different physical activity intensities within and between days, as

well as reflecting them against the health recommendations.
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To measure body composition, we used BIA, which has shown to overestimate lean body
mass and underestimate fat mass compared to dual energy X-ray absorptiometry among people in
their 60s (35). There was also non-participation in the push-up and bicycle ergometer tests, which
was partly due to contraindications, but mainly reasons not related to the health status (i.e.
unwillingness to participate to a second study visit). Furthermore, the study population consisted of
relatively healthy public sector employees in their 60s, and they were more active and had healthier
weight compared to the FIREA participants who participated only in the study survey. This
selective participation and healthy worker bias may have influenced on the identified physical
activity patterns and underestimated the found differences in health-related physical fitness between

the groups.

Moreover, the generalizability of the findings is limited to aging workers engaged in daytime
work and mostly in female-dominated occupations. Finally, the study population as well as physical
activity trajectory groups were relatively small leading to reduced statistical power to detect
differences in health-related physical fitness indicators between the groups. Therefore, future
studies with a larger sample size, broader age groups and more balanced sex distribution are

warranted to confirm the findings of the current study.

In conclusion, we observed a large variation in the daily physical activity patterns on
workdays among aging workers. An activity pattern characterized by a low activity throughout the
day was associated with poorest health-related physical fitness, whereas moderate activity during
workday and increase of activity in the evenings was associated with more favorable body
composition and better cardiorespiratory and muscular fitness. The results highlight the important

role of leisure-time physical activity for better health-related physical fitness among aging workers.
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Table 1. Descriptive characteristics of the participants by the workday physical activity trajectory groups.

Low during Moderate Moderate High during Highest

Low the day and during the day during the day the day and during the day

throughout increase in  and decrease  and increase  decrease in  and active in p value
Total the day the evening inthe evening inthe evening the evening the evening for
(n=263) (n=87) (n=18) (n=85) (n=31) (n=25) (n=17) heterogeneity
Age, mean (SD) 62.4 (1.0) 62.4(1.0) 62.8(0.8) 62.3(1.0) 62.3 (1.0) 625(1.1)  62.4(0.9) 0.29
Women, % 82 63 94 87 87 100 100 <.0001
Married or cohabiting, % 73 82 88 67 81 46 71 0.0044
Occupational status, % <.0001
High 38 52 56 38 32 0 18
Intermediate 34 36 39 44 29 20 6
Low 28 13 6 19 39 80 76
Physically heavy work, % 15 5 0 4 23 72 41 <.0001
Job strain, % 14 14 11 8 10 32 25 0.049
Lower activity on days off, % 40 89 39 60 23 56 18 <.0001
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Smoking, %
Alcohol risk use, %
Number of chronic diseases,

%

10

35

50

15

38

46

15

56

33

11

15

32

52

15

27

50

23

20

64

16

6 0.86

6 0.29
0.31

50

50

0
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Table 2. Mean level of health-related physical fitness indicators according to the physical activity trajectory groups on workdays.

Moderate during

Moderate during

Low throughout Low during the the day and the day and High during the  Highest during the
the day day and increase decrease in the increase in the day and decrease  day and active in
(ref) in the evening evening evening in the evening the evening
Mean 95% ClI Mean 95%ClI Mean 95%CI Mean 95%ClI Mean 95%CIl Mean 95% CI
Waist circumference, cm
Model 1 100.1 97.5-102.6 86.5* 80.8-92.3 93.5* 90.6-96.4 89.2* 84.7-93.6 93.2 88.2-98.3 89.1* 83.1-95.0
Model 2 99.5 96.8-102.3 87.0* 81.2-929 093.2* 90.2-96.1 90.0* 85.5-945 920 86.8-97.1 89.8* 83.6-96.0
Fat mass, kg
Model 1 251 23.0-273 16.1* 11.2-21.0 20.1* 17.6-225 150* 11.3-18.8 208 16.5-25.0 18.0 13.0-22.9
Model 2 23.8 20.2-27.4 15.0* 9.4-20.7 18*4 149-220 139* 93-185 178 12.7-229 170 11.5-22.6
Skeletal muscle mass, kg
Model 1 31.8 30.9-32.7 296 27.6-316 314 304-324 308 29.2-324 313 29.5-33.0 28.4* 26.4-30.5
Model 2 315 305324 29.7 27.6-318 315 305-325 311 295-327 30.8 29.0-326 28.9 26.8-31.0
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Cardiorespiratory fitness,
ml/kg/min
Model 1
Model 2
Chair rise, seconds
Model 1
Model 2
Modified push-ups, times
Model 1

Model 2

28.2

29.1

21.6

21.3

8.3

8.4

27.1-29.4

27.8-30.3

20.6—22.6

20.2-22.4

7.5-9.1

7.5-9.3

32.9*

32.7

19.2

19.5

11.0

10.7

30.4-35.4

30.1-35.2

17.0-21.4

17.2-21.9

9.3-12.7

8.9-125

30.8*

30.8

20.2

20.1

9.9

10.0

29.5-32.1 34.1*

29.5-32.1 33.4*

19.1-21.4 18.7*
19.0-21.3 18.9
9.0-10.8 12.0*

9.1-10.9 11.9*

32.2-36.0

31.4-35.3

17.0-20.4

17.1-20.7

10.7-13.4

10.5-13.4

30.2

30.5

20.9

20.5

9.2

9.2

27.9-32.6

28.1-32.9

19.0-22.9

18.5-22.6

7.6-10.8

7.5-10.9

31.1

29.9

21.0

21.4

10.3

10.1

28.5-33.7

27.2-32.5

18.7-23.3

18.9-23.8

8.5-12.1

8.2-12.0

Notes: Model 1 adjusted for age and sex. Model 2 additionally adjusted for physical activity pattern on days off, smoking and alcohol risk use.

“ denote statistically significant (p<0.05) difference between the trajectory group compared against the “Low throughout the day” group.
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Table 3. Mean level of health-related physical fitness indicators according to the physical activity trajectory groups on days off.

Lower activity (ref)

Higher activity

Waist circumference, cm
Model 1
Model 2
Fat mass, kg
Model 1
Model 2
Skeletal muscle mass, kg
Model 1
Model 2
Cardiorespiratory fitness, ml/kg/min
Model 1
Model 2

Chair rise, seconds

Mean 95% ClI Mean 95% ClI

97.4 95.3-99.5 91.2* 88.3-94.1
96.9 94.7-99.1 91.5 88.5-94.4
22.8 21.0-24.6 18.9* 16.5-21.3
18.0 14.6-21.4 17.3 13.6-21.1
31.8 31.1-32.5 30.2* 29.3-31.2
29.8 28.4-31.2 28.5* 27.0-30.1
29.0 28.1-29.9 32.5* 31.2-33.7
314 29.6—33.3 34.1* 32.1-36.1
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Model 1 21.1 20.3-21.9 19.8*

Model 2 21.2 19.6—22.8 20.6
Modified push-ups, times

Model 1 9.1 8.4-9.7 10.4*

Model 2 10.1 8.8-11.5 10.6

18.7-20.9

18.8-22.4

9.5-11.2

9.1-12.1

Notes: Model 1 adjusted for age and sex. Model 2 additionally adjusted for physical activity pattern on workdays, smoking and alcohol risk use.

“ denote statistically significant (p<0.05) difference between the trajectory groups.
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FIGURE LEGENDS
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Figure 1. Trajectories of daily physical activity on workdays and days off.
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Figure 2. Mean daily physical activity volume (counts per minute) and their 95%

confidence intervals (Cl) across the trajectory groups on workdays and days off.

Adjusted for age and sex.
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SUPPLEMENTARY MATERIAL

Supplementary Table 1. Model fit statistics of the latent trajectory analyses from polynomial models with 1 to 7 trajectories for

workdays and 1 to 3 trajectories for days off.

Number of Polynomial Smallest
) _ BIC AIC Log-likelihood  Average posterior probabilities

trajectories order* group (%)
Workdays

1 4 -35580.5 -35569.8 -35563.8 1 100

2 44 -35161.9 -35140.4 -35128.4 0.982/0.979 22

3 444 -35027.9 -34995.7 -34977.7 0.972/0.914/0.974 18

4 4444 -35044.6 -35001.7 -34977.7 0/0.972/0.915/0.974 0

5 44444 -34946.3 -34892.7 -34862.7 0.934/0.961/0.911/0.944/0.922 5

6 444444 -34899.8 -34835.5 -34799.5 0.871/0.907/0.867/0.907/0.948/0.970 6

7 4444444 -34951.2 -34876.2 -34834.2 0/0/0.907/0.881/0.910/0.918/0 0

Days off

1 4 -35286.1 -35275.3 -35269.3 1 100

2 44 -34999.1 -34977.6 -34965.6 0.948/0.944 41

3 444 -35015.8 -34983.6 -34965.6 0.948/0.944/0 0

Notes: *Polynomial function 4 refers to curvilinear shape of the trajectory. BIC = Bayesian information criterion values, AIC = Akaike

information criterion values.
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Supplementary Table 2. Comparison between the study population and the FIREA survey participants by working status.

Study Survey participants ~ Survey participants

population still working already retired
(n=263) (n=4656) (n=1360)

Age, mean (SD) 62.4 (1.0) 62.5 (1.2) 63.5 (0.8)
Women, % 82 82 85
Married or cohabiting, % 73 70 74
Occupational status, %

High 38 32 23

Intermediate 34 30 26

Low 28 37 51
Self-reported non-occupational
physical activity, %

High 43 31 31

Moderate 31 30 31

Low 26 39 38
Body mass index, %

Normal weight 43 39 35

Overweight 42 40 40

Obese 15 21 25

Smoking, % 5 11 14
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