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ABSTRACT
Aims: To clarify how epoch lengths of accelerometers affect measurement of physical activity in elderly
people. Methods: The data was based on 70 elderly people (72.6 ± 5.4 years) living in Japan between 2017
and 2018. Furthermore, we used data obtained from triaxial accelerometers that the subjects wore for more
than 10 hours every day for 7 days. We evaluated light physical activity (2.9 Mets or less) and further grouped
it into sedentary behaviour (SB, 1.5 Mets or less) and Light Intensity Physical Activity (LIPA, between 1.6 and
2.9 Mets). We also compared 10-second epoch lengths (ELs) to 60-second ELs (%) by Bayesian estimation.
Results: In 2017 and 2018, SB at 10-second ELs was longer than at 60-second ELs (55.5 vs. 50.4% in 2017;
55.7 vs. 48.9% in 2018); however, LIPA at 10-second ELs was shorter than at 60-second ELs (35.0 vs. 42.3%
in 2017; 35.0 vs. 44.5% in 2018). The Bayesian factor varied between 3.0x1012 and 3.2x1024. The robustness
of the Bayesian factor was confirmed by the robustness check. Furthermore, effect sizes were between |1.68|
and |3.00|. Conclusion: ELs of the accelerometer may affect measurement of physical activity in elderly
people. Thus, SB at 10-second ELs may be longer than at 60-second ELs and may be the reverse for LIPA.
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INTRODUCTION
Accelerometers are widely used for evaluating physical activity (Masse et al., 2005; Pettee et al., 2009);
however, many studies showed that the data obtained by accelerometers are influenced by various
conditions (Masse et al., 2005; Trost et al., 2005) such as epoch lengths (ELs) (Gabriel et al., 2010; Dencker
et al., 2012).
Accelerometers integrate filtered and digitized accelerometer signals at user-specified time intervals (e.g., 10
seconds, or 60 seconds or more), commonly called an epoch (Trost et al., 2005; Gabriel et al., 2010). Recent
studies have clarified appropriate ELs for estimating physical activity (Trost et al., 2005; Gabriel et al., 2010).
Some showed that shorter ELs are more appropriate in reflecting actual activity time (Michael et al., 2008;
Ayabe et al., 2013), whereas others showed that, in children, the relationship between EL and actual activity
time varies with age (Nilsson et al., 2001; Vale et al., 2009). However, there are few reports regarding the
elderly. Therefore, we clarified how accelerometer EL affects the measurement of physical activity in the
elderly.
The p-value has long been used to determine the strength of evidence against the null hypothesis. In
particular, p < .05 has a major impact on whether a paper is published. Therefore, many studies have focused
on statistically instead of medically significant differences. However, the p-value gradually decreases as the
sample size increases. The American Statistical Society (ASA) has stated as follows: “a p-value does not
provide a good measure of evidence regarding a model or hypothesis” (Ronald and Nicole, 2016).
Alternatively, the ASA recommends the Bayesian estimation (a representative method of Bayesian statistics),
decision-theoretic modelling, and false discovery rates, etc. (Ronald and Nicole, 2016). In particular, the
Bayesian estimation (Jaynes, 1986; Hoeling et al., 1999; Wagenmakers et al., 2010) may yield more
information compared with the p-value (John, 2013).
To our knowledge, there is no comparison of physical activity between 10- and 60-second ELs by Bayesian
estimation. Therefore, in this study, we compared physical activity that was measured by two different ELs
of accelerometers (Active Style Pro HJA-750C; Omron Healthcare, Japan) in elderly people.
METHODS
Subjects
This study is a second analysis from our previous study (Owari et al., 2019). The initial survey involved 86
healthy elderly people who participated at a health club of A college in Utazu, Japan between July 20 and
September 15, 2017. Among these respondents, six could not be surveyed. Therefore, we used the data of
80 participants. The second phase involved a similar follow-up survey and was conducted between April 29
and May 31, 2018. We did not include the data of 10 of these respondents since they wore the accelerometer
for less than 10 hours daily for 7 days. Therefore, in this study, we used data based on 70 participants (72.6
± 5.4 years). Ethical approval for the study was obtained from the Shikoku Medical College Ethic Screening
Committee, Japan (approval number: H28-9), and written informed consent to participate in the study was
also obtained from each subject.
Clinical parameters and measurements
The following data regarding anthropometric and body composition parameters were assessed and reassessed in 2017 and 2018, respectively (Owari et al., 2019): age (years), height (cm), body weight (kg), and
body mass index (BMI, kg/m2).
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Physical activity
Physical activity was measured using a tri-accelerometer (Active Style Pro HJA-750C). Excluding the time
during swimming and bathing, the subjects were asked to wear the accelerometer on their waist for more
than 10 hours every day for 7 days including Saturday and Sunday. Physical activity was calculated using Σ
[metabolic equivalent*h/week (METs*hour/week)] to determine sedentary behaviour (SB, ≤ 1.5 Mets) and
light intensity physical activity (LIPA, 1.6-2.9 Mets) (minutes/day). We did not include moderate to vigorous
intensity physical activity (MVPA) in the elderly aged 65 and over since the ratio of MVPA to total body activity
was very low. Detailed data regarding physical activity is cited in our previous paper (Owari et al., 2019).
Statistical analyses
We divided the intensity of physical activity into two categories: those with 1.5 Mets or less (SB) and those
between 1.6 and 2.9 Mets (LIPA). These values were calculated using the ratio of activity time over total
wearing time. We performed Bayesian estimation using ELs of 10- and 60-seconds, which are commonly
used. We assessed the Bayesian factor (Dawid, 1973; Rouder and Morey, 2011) (the ratio between the
alternative and null hypothesis) in Bayesian estimation. We also performed a robustness check to confirm
the robustness of the Bayesian factor (Morey et al., 2016). Next, we measured effect size, which is a statistical
indicator of the magnitude of the effect. The effect size in the case of two paired groups was calculated as
follows: sample mean of the difference between the two groups / standard deviation of the difference between
the two groups. Furthermore, we compared the two groups by student t-test or Wilcoxon signed rank test
after testing for normal distribution by Shapiro-Wilk test. All calculations were performed using SPSS version
25.
RESULTS
The clinical characteristics of the subjects are summarized in Table 1. Table 2 shows the differences in
accelerometer data obtained using different ELs by Bayesian estimation. In 2017 and 2018, SB at 10-second
ELs was longer than at 60-second ELs (55.5 vs. 50.4% in 2017; 55.7 vs. 48.9% in 2018); however, LIPA at
10-second ELs was shorter than at 60-second ELs (35.0 vs. 42.3% in 2017; 35.0 vs. 44.5% in 2018). All
Bayesian estimations showed that the alternative hypothesis was superior to the null hypothesis (Bayesian
factor, between 3.0*1012 and 3.2*1024). Furthermore, the student t-test showed that all p values were <
.001. However, except for LIPA in 2017 (Shapiro-Wilk test, p = .407), the others were not of normal
distribution. In this case, Wilcoxon signed rank test showed p < .001. The Bayesian factor was assessed for
robustness by a robustness check. Effect sizes were between |1.68| and |3.00| (Mean). The effect sizes were
between |1.22| and |2.15| in student t-test, and between |0.99| and |1.00| in Wilcoxon signed rank test (Mean)
in Table 3.
Table 1. Clinical characteristics of enrolled subject.
2017
Mean ± SD
Minimum
Number of subjects
70 (men = 21)
Age (year)
72.6 ± 5.4
65
Height (cm)
157.2 ± 9.3
138.3
Body weight (kg)
55.8 ± 9.7
40.3
2
BMI (kg/m )
22.9 ± 2.4
13.9

Maximum

Mean ± SD

2018
Minimum

Maximum

84
178.4
83
29.1

157.1 ± 9.2
56.2 ± 9.8
23.1 ± 2.6

138.1
40.5
14.9

178.3
86.1
29.2

VOLUME 17 | ISSUE 1 | 2022 |

53

Owari, et al. / Epoch length sedentary behavior the elderly bayesian

JOURNAL OF HUMAN SPORT & EXERCISE

Table 2. Results of analyses (Bayesian and Student, Wilcoxen).
Test of Normality
Shapiro-Wilk
(SB) ≤1.5 Mets (%/day: 10sec EL)
55.5 ± 10.9
W = 0.728
BF10 = 3.0e+12
1.7
[1.3. 2.1] max BF10 = 3.4e+12 at r = 1.2 p < .001 p < .001
(SB) ≤1.5 Mets (%/day: 60sec EL)
50.4 ± 12.7
p < .001
(LIPA) 1.6 ≤ 2.9 Mets (%/day: 10sec EL)
35.0 ± 8.2
W = 0.982
BF10 = 4.6e+22
2.3
[1.8. 2.7] max BF10 = 7.0e+22 at r = 1.5 p < .001 p < .001
(LIPA) 1.6 ≤ 2.9 Mets (%/day: 60sec EL)
42.3 ± 10.0
p = .407
Bayesian Factor
Test of Normality
2018
Mean ± SD Bayesian factor Median
95%CI
Student t Wilcoxon
Robustness Check
Shapiro-Wilk
(SB) ≤1.5 Mets (%/day: 10sec EL)
55.7 ± 11.0
W = 0.937
BF10 = 1.3e+18
-2.8
[ -3.3. -2.3] max BF10 = 1.8e+18 at r = 1.5 p < .001 p < .001
(SB) ≤1.5 Mets (%/day: 60sec EL)
48.9 ± 13.1
p < .001
(LIPA) 1.6 ≤ 2.9 Mets (%/day: 10sec EL)
35.0 ± 8.5
W = 0.954
BF10 = 3.2e+24
-3.0
[ -3.4. -2.6] max BF10 = 5.0e+24 at r = 1.5 p < .001 p < .001
(LIPA) 1.6 ≤ 2.9 Mets (%/day: 60sec EL)
44.5 ± 10.6
p < .001
Note. Sec EL: seconds epoch length. BF10: Bayesian Factor (the ratio of the alternative hypothesis for the null hypothesis). e+: exponent of 10. r: Cauchy prior width.
2017

Mean ± SD

Bayesian factor

Median

Bayesian Factor
Robustness Check

95%CI

Student t

Wilcoxon

Table 3. Results of analyses (Effect Size).
2017
t-test

Bayesian
Effect Size
Mean
≤1.5 Mets (%/day: 10sec EL)
≤1.5 Mets (%/day: 60sec EL)
1.6 ≤ 2.9 Mets (%/day: 10sec EL)
1.6 ≤ 2.9 Mets (%/day: 60sec EL)

95% CI
Lower
Upper

Effect Size
Mean

2.08

1.22

0.90

1.52

1.00

0.99

1.00

-2.78

-3.30

-2.28

-1.99

-2.39

-1.58

-1.00

-1.00

-1.00

2018
t-test

95% CI
Lower
Upper

Effect Size
Mean

Wilcoxon

95% CI
Lower
Upper

Effect Size
Mean

95% CI
Lower
Upper

2.26

1.80

2.70

1.62

1.26

1.98

0.99

0.98

0.99

-3.00

-3.44

-2.56

-2.15

-2.57

-1.72

-0.99

-0.99

-0.98

Note. EL: epoch length. CI: Confidence interval.

| 2022 | ISSUE 1 | VOLUME 17

95% CI
Lower
Upper

1.30

Effect Size
Mean
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Effect Size
Mean

1.68

Bayesian
≤1.5 Mets (%/day: 10sec EL)
≤1.5 Mets (%/day: 60sec EL)
1.6 ≤ 2.9 Mets (%/day: 10sec EL)
1.6 ≤ 2.9 Mets (%/day: 60sec EL)

Wilcoxon

95% CI
Lower
Upper
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DISCUSSION
Our study showed that the ELs of the accelerometer influenced the measurement of physical activity in elderly
subjects. First, in 2017 and 2018, SB at 60-second ELs was shorter than at 10-second ELs, whereas LIPA
was longer at 60-second ELs compared with that at 10-second ELs. When measuring physical activity,
differences in ELs may cause discrepancies in the data. The Bayesian estimation is a more accurate
statistical analysis and is not influenced by the type of data distribution. Therefore, if the difference between
two distributions (10- and 60-second ELs) is small, the Bayesian estimation is better than other tests (student
t-test and Wilcoxon signed rank test). However, we were not able to show that the Bayesian estimation was
more effective since the difference was large in this study. We were able to obtain good results using the
Wilcoxon signed rank test even if the data was not normally distributed (Table 2).
Second, the Bayesian factor is able to compare differences in quantitative degree between the null and
alternative hypothesis. For example, for SB in 2017, the alternative hypothesis had a superiority of 3 * 10 12
compared with the null hypothesis. Conversely, the p-value only showed that the null hypothesis is less than
5% (p < .05) in most cases.
Third, the Bayesian factors are able to check these factors for robustness. In the Bayesian factor robustness
check, the Bayesian factor remained at a high value despite changes in the prior distribution from r = 1 to r =
1.5 (r, Cauchy prior width (Wagenmakers et al., 2015)) (Table 2). Thus, the Bayesian factors were robust.
Fourth, effect size is a statistical index representing the magnitude of the effect.
Effect size of the Bayesian estimation is between |1.68| and |3.00| for values greater than or equal to |0.8|
(Cohen, 1988). Since this result is higher than both the student t-test and Wilcoxon signed rank test, it is
more effective (Table 3).
Finally, the systematic error between the 10- and 60-second ELs was significant using Bland & Altman plots.
Therefore, it was difficult to determine whether the 10- or 60-second ELs was more appropriate for evaluating
SB and LIPA.
Our study had several limitations. First, the differences between the two groups for SB and LIPA were larger
than expected, and we were not able to prove the superiority of the Bayesian estimation, which is able to
detect small differences between parameters. To resolve this, a more complex Bayesian statistical model
(Maarten et al., 2017) is required. Second, since the Bayesian model contains many parameters
(Ozechowski, 2014), it is not possible to show results for all. Therefore, it is difficult to determine whether the
selected parameters are appropriate or not.
CONCLUSION
The ELs of the accelerometer may affect measurements of physical activity in elderly people. Thus, SB at
10-second ELs may be longer than at 60-second ELs and may be the reverse for LIPA.
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