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Background: The number of days of data and number of subjects necessary to estimate total physical activity (TPA) and moderate-to-vigorous 
physical activity (MVPA) requires an understanding of within- and between-subject variances, and the influence of sex, body composition, and 
age. Methods: Seventy-one adults wore accelerometers for 7-day intervals over 6 consecutive months. Results: Body fat and sex influenced 
TPA and MVPA. The sources of subject-related variation for TPA and MVPA were within-subject (48.4% and 54.3%), between-subject (34.3% 
and 31.8%), and calendar effects (17.3% and 13.9%). Based on within-subject variances, the error associated with estimating TPA and MVPA 
by collecting 1 to 7 days of data ranged from 28.2% to 13.3% for TPA and 62.0% to 28.6% for MVPA. Based on between-subject variances, 
detecting a 10% difference between 2 groups at a power of 90% requires approximately 200 and 725 subjects per group for TPA and MVPA, 
respectively. Conclusions: Estimates of MVPA are more variable than TPA in overweight adults, therefore more days of data are required 
to estimate MVPA and larger sample sizes to detect treatment differences for MVPA. Log-transforming data reduces the need for additional 
days of data collection, thereby improving chances of detecting treatment effects.
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determining an adequate number of days of data collection used the 
Spearman-Brown Prophecy formula,7,9 generalizability theory,6 and 
intraclass correlation coefficients (ICC).5 Overall, the most current 
recommendations for sampling an adequate number of days of data 
in adults is 3 to 5, based on the criterion of an ICC of at least 0.80.3

Although all of the aforementioned studies have advanced the 
field of physical activity assessment via accelerometry tremen-
dously, limitations of these studies can result in imprecise estimates 
of within- and between-subject variances. First, although it is rec-
ognized that there are daily, monthly, and/or seasonal variations in 
physical activity, the short data collection periods of these studies 
(repeated 48-hr observations and 7 to 21 days of continuous moni-
toring) can bias downward the estimates of within-and between-
subject variance. Second, many of these studies had a relatively 
homogenous subject pool (reducing between-subject variance), did 
not account for variables such as body fat percentage (increasing 
between-subject variance), and failed to differentiate between TPA 
and MVPA (increasing within-subject variance). Lastly, the use of 
an ICC of 0.8 (or Spearman-Brown Prophesy formula of 0.8) has 
been questioned.3,10 These limitations likely produce excessively 
liberal (too small) estimates of the number of days of data necessary 
to estimate TPA and MVPA.10

The purposes of this study were to monitor the habitual (6 
month) TPA and MVPA of a group of overweight adults over a 
prolonged period of time, then 1) determine different scenarios for 
the number of days of data necessary for reasonable estimates of 
TPA and MVPA and 2) generate sample size estimates for detect-
ing biologically realistic differences between groups of subjects 
for TPA and MVPA.

Methods
Subjects

Female and male volunteers who were overweight or obese 
and at increased risk of disease (individuals who were mildly 

Given the important benefits of both habitual total physi-
cal activity (TPA) and moderate-to-vigorous physical activity 
(MVPA),1,2 the ability to plan well-designed studies that assess 
TPA or MVPA with an acceptable degree of confidence depends on 
measuring a sufficient number of subjects and sampling an adequate 
number of days.3 The same issues apply to studies designed to detect 
differences in TPA and MVPA between 2 or more groups. There 
are a number of techniques for monitoring TPA and MVPA, but 
increasing importance has been placed on the use of accelerometers.4 
Different studies using accelerometers have adopted a variety of 
strategies for collecting and analyzing the resulting count data, and 
conclusions regarding sampling strategies differ, detailed below.

Estimates of TPA and MVPA are influenced by within-subject 
variability (which determines the number of days of data required 
per subject) and between-subject variability (which determines the 
number of study subjects required). Within-subject variance for TPA 
has been estimated to explain 29% to 60%5–7 and 34% to 38% of the 
total variance for different intensities of physical activity,5 while the 
between-subject variance for TPA has been estimated to explain 53% 
to 62%5,6 and 53% to 57% of the total variance for different intensi-
ties of physical activity.5 Other important contributors to variance 
are day-of-week, weekend vs. weekday, month, and/or season.5,7–9 
An array of demographic factors may also influence the variability 
in TPA and MVPA, such as sex, body composition, and age.5,7

Different studies have taken various approaches to determine 
the adequate number of days of data collection to assess TPA 
and MVPA, ranging from 7 days of data collection,6,9 14 days of 
data collection spread out over the course of a year,7 and 21 con-
tinuous days of data collection.5 In these studies, the criterion for 
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hypercholesterolemic, prediabetic, or prehypertensive were 
included) were recruited to participate in this study (Table 1). Inclu-
sion criteria included body mass index (BMI) of 28 to 35 kg·m-2, 
body weight less than 137 kg, and 35 to 65 years of age. The study 
protocol was approved by the MedStar Research Institute Institu-
tional Review Board. Before participation, subjects provided written 
informed consent and received a medical evaluation by a physician 
that included measurement of blood pressure, and fasting blood and 
urine samples for clinical tests (including a profile of hematological 
and biochemical parameters). A pregnancy test was performed on 
blood samples from females.

Physical Activity Monitoring

Subjects were instructed to wear the accelerometer (Actigraph 
Model 7164) twice per month (1 week on and 1 week off) for 6 
months (February to July). After confirming proper calibration of 
the accelerometer using the device provided by the manufacturer, 
the accelerometer was set to record the data in 1-min epochs of 
time. Subjects were asked to wear the accelerometer on the right 
hip, unless they reported being unable to do so. Regardless of the 
accelerometer placement, it was worn on the same side and loca-
tion. The accelerometer was worn as a snuggly-fitting belt worn 
on the waist (according to the manufacturer’s instructions), with 
a manufacturers’ “notch” facing upwards. Ninety-five women and 
men were recruited to participate in the study, with 73 completing 
the 6-month study. Two subjects were removed from the analysis 
due to poor adherence (less than 30 days of data; see below).

Since accelerometers are commonly removed periodically 
during the day (eg, showering, personal care) and/or subjects dem-
onstrate poor adherence, it is rare to find subjects that wear them 
for 24 hr/day (although subjects were free to do so if they chose). 
Therefore, our criterion for inclusion was accelerometer data for 
a minimum of 12 hr/day, where 20 min of consecutive zeros con-
stituted nonwearing times.11 We have shown previously that the 
zeros resulting from accelerometer removal, poor adherence, and 
differences in sleeping hours can have detrimental effect on the 
estimation of physical activity, therefore we developed a procedure 
(applied to each subject) to adjust data for sleep hours and short 
periods of accelerometer removal.11 Daily data were scanned for the 
presence of physical activity > 32,000 counts·min-1, which indicates 
monitor malfunction (days where this occurred were removed from 
the analysis).

Physical activity was categorized as daily averages (counts·min-

1·day-1) and the amount of MVPA in min·day-1. The cut-off for char-
acterizing MVPA (2020 counts·min-1) was based on Troiano et al.2

Body Weight and Composition

Body composition was measured by dual-energy x-ray absorptiom-
etry (DEXA; QDR 4500, Hologic, Inc, Waltham, MA). Height and 
weight were measured to the nearest 0.1 cm and 0.1 kg, respectively. 
Body mass index (BMI) was calculated as weight (kg)/height (m)2.

Statistics

Differences between the demographics of women and men were 
analyzed with the PROC TTEST procedure in SAS.12 The analyses 
of differences in TPA and MVPA by day-of-week, week, and month 
were made with the SAS PROC MIXED procedure, with the Tukey 
multiple comparisons P-value adjustment for error containment.

To estimate within- and between-subject variances for TPA 
and MVPA, a 2-part process was used. First, different combi-
nations of fixed effects (day-of-week, calendar week, month, 
sex, body composition, BMI, and age) were tested to determine 
whether each explained a significant amount of variance using 
the SAS PROC MIXED procedure with variance components 
estimated using maximum likelihood. Next, different combina-
tions of random effects (subject, day-of-week, calendar week, 
and month) were tested using the SAS PROC MIXED procedure 
with variance components estimated using restricted maximum 
likelihood. The final model chosen was the lowest value of 
Akaike’s Information Criterion (AIC) used as the criterion. 
Analyses were performed using both raw and log-transformed 
data because our previous work has demonstrated the pres-
ence of heteroscedasticity in raw accelerometer data.11,13 Many 
comparable studies do not report checking for nonnormality 
or normalizing the data.2,5,14–16 Raw data were analyzed so that 
our results could be directly compared with others that did not 
transform. However, we found that a log (counts/min + 1) or log 
(min/d + 1) transformation considerably improved the distribu-
tional characteristics of the data such that the positive relation-
ship between the variance and mean for raw data were largely 
eliminated and that residuals of models had an approximately 
normal distribution

A variance decomposition was used to estimate the con-
tribution of within- and between-subject variances, and other 
sources of variance. Variances were estimated using the SAS 
PROC MIXED procedure using restricted maximum likeli-
hood. We used the between-subject mean (averaged first each 
subject, then across all subjects) and variance (from the vari-
ance decomposition) to estimate the statistical power to detect 
10, 15, 20, and 25% differences in TPA and MVPA between 2 
different populations, as described by Castelloe17 (assuming an 
α = 0.05). The mean ± standard deviation (square root of the 
variance) and Coefficient of Variation (CV) for TPA was 192.3 
± 59.3 (CV= 30.8%) and 5.14 ± 0.33 (CV = 6.4%) counts·min-1 
for raw and log-transformed data, respectively (Table 3). The 
mean ± standard deviation (and CV) for MVPA was 26.4 ± 15.6 
(CV= 59.0%) and 2.82 ± 0.67 (CV = 23.8%) min·d-1 for raw and 
log-transformed data, respectively.

To determine the effect of different days of sampling on the 
estimate of habitual (6 months) TPA and MVPA, all subjects with 
7 consecutive acceptable days of data were identified (n = 62). 
Then, a resampling technique based on the SAS PROC SURVEY 
procedure was used to take 1000 samples of data in 1, 2, 3, 4, 5, 6, 
and 7 consecutive day intervals. The average TPA and MVPA from 
these intervals were then compared with habitual (6 months) TPA 
and MVPA by calculating a percent absolute difference.

Table 1 Characteristics of the Study Subjects

Women* Men*

n 37 34

Age (yrs) 49.5 (9.7) 53.2 (7.92)

Body mass index (kg·m-2) 31.1 (2.5) 30.8 (2.14)

Body fat (%) 41.0 (4.3) 29.4 (5.39)**

Total physical activity (counts·min-1) 187.7 (53.6) 197.3 (69.7)

Moderate-to-vigorous physical activity 
(min·d-1) 22.7 (14.1) 30.4 (17.8)**

* Numbers are mean (SD).

** Significant difference between sexes, P < .05.
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Results

Characteristics of Study Subjects

Characteristics of the study subjects are given in Table 1. Overall, a 
total of 4228 days of data were included in the analysis, an average 
of 60.1 ± 8.8 days of data per study subject (ranging from 37 to 
76 days per subject). The average accelerometer wear time of the 
subjects was 17.1 ± 2.5 hrs/day, assuming nonwear2 was detected 
by intervals of at least 60 min of consecutive zeros with allowance 
for 1 to 2 min of physical activity between 0 to 100 counts·min-1.

Effect of Daily, Weekly, and Monthly Variability  
in TPA and MVPA

The effect of day of week can be observed in Table 2; TPA and 
MVPA were significantly lower on Sunday than the other days of 
the week (but other days were not significantly different from each 
other). There were no significant differences for TPA or MVPA due 
to week or month (data not shown).

Models for TPA and MVPA

The best model (lowest value for AIC) for estimating TPA (raw and 
log-transformed data) included day-of-week, sex, body fat percent-
age, and calendar week as fixed effects. The final model for MVPA 
(raw and log-transformed data) included day-of-week, body fat 

percentage, and calendar week as fixed effects. Random effects for 
TPA and MVPA (raw and log-transformed data) were subject, and, 
all nested within subject, calendar week, day-of-week, and month. 
A variance decomposition is given in Table 3.

Days of Monitoring Required To Estimate TPA 
and MVPA

Table 4 demonstrates the effect of sampling 1 to 7 sequential days 
of data to estimate habitual TPA and MVPA over the 6-month 
measurement period. If only a single day of data are sampled, the 
differences with habitual TPA and MVPA are 28.2 and 62.0% (5.5 
and 26.1% using log transformed data), respectively. Increasing 
the number of days sampled to 7 reduces the error to 13.3 and 
28.6% (5.1 and 10.8% using log transformed data) for TPA and 
MVPA, respectively.

Power Calculations

Figure 1 depicts sample size and power estimates for detecting 
differences in TPA and MVPA between 2 different populations 
given true differences of 10%, 15%, 20%, and 25% and an α of 
0.05. A sample size of 175 and 10 subjects per group (raw and 
log-transformed, respectively) is sufficient to detected a 10% dif-
ference in TPA at a power of 90%. However, approximately 625 
and 110 subjects per group (raw and log-transformed, respectively) 
are required for MVPA at a power of 90%.

Discussion

The results of this investigation indicate that several variables affect 
the estimates of habitual (6 mo) physical activity in adults, which in 
turn, have implications for determining the number of days of data 
needed to reasonably estimate TPA and MVPA. Across subjects, 
day-of-week (Sunday specifically) is a significant consideration, 
though calendar week and month are not. There are week-to-week 
differences for individuals (captured as a within-subject random 
effect); but calendar weeks were not a systematic effect (ie, physi-
cal activity doesn’t increase for everyone on the 15th week of the 
year). Our models also included a random within-subject day-of-
week, calendar week, and month effects, indicating that subjects did 
respond to other calendar effects, but not in a consistent way across 
subjects. Body composition affects the estimates of both TPA and 
MVPA, while sex is only predictive for TPA. Lastly, these results 
indicate the importance of checking residuals from modeling TPA 
and MVPA for heteroscedasticity (eg, using the log [counts/min + 1] 

Table 3 Variance Decomposition for the Estimates of Habitual Total and Moderate-to-Vigorous Physical Activity

Source of variance

Total physical activity Moderate-to-vigorous physical activity

Raw Log+1 Raw Log+1

Variance % Variance % Variance % Variance %

Between-subject 3514.8 34.3 0.0970 39.8 244.5 31.8 0.4444 37.5

Within-subject 4962.6 48.4 0.1117 45.8 416.8 54.3 0.5591 47.2

Week* 976.3 9.5 0.0162 6.7 53.0 6.9 0.0743 6.3

Day-of-week* 485.9 4.7 0.0117 4.8 36.6 4.8 0.0821 6.9

Month* 322.4 3.1 0.0071 2.9 16.9 2.2 0.0243 2.1

Total 10262.0 0.2438 767.9 1.1843

* Nested within-subject.

Table 2 Total and Moderate-to-Vigorous Physical 
Activity as a Function of Day-of-Week

TPA MVPA

Counts·min-1* Min·d-1*

Sunday 176.8 (3.9)** 21.8 (1.1)**

Monday 195.6 (4.1) 27.3 (1.1)

Tuesday 197.8 (4.2) 29.2 (1.1)

Wednesday 194.7 (4.2) 27.6 (1.2)

Thursday 197.3 (3.8) 28.6 (1.0)

Friday 193.5 (3.8) 26.7 (1.0)

Saturday 199.3 (3.9) 27.0 (1.1)

* Least squares mean (standard error).

** Sunday significantly different from all other days of the week, P < .05.

Abbreviations: TPA, total physical activity; MVPA, moderate-to-vigorous physical 
activity.
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Table 4 Differencesa Between Sampling 1 to 7 Days of Data When Compared With Habitual Total and  
Moderate-to-Vigorous Physical Activity

Total physical activity Moderate-to-vigorous physical activity

Raw Log +1 Raw Log +1

Counts·min-1 % Counts·min-1 % Min·d-1 % Min·d-1 %

All 192.0 (60.6) 5.14 (0.32) 26.1 (15.6) 2.80 (0.70)

1 185.2 (92.2) 28.2 (24.1) 5.52 (0.46) 5.53 (4.65) 24.9 (26.3) 62.0 (70.0) 2.77 (1.06) 26.1 (25.4)

2 186.1 (76.7) 20.6 (17.5) 5.13 (0.39) 3.93 (3.31) 25.3 (22.0) 48.8 (56.4) 2.77 (0.90) 19.3 (19.5)

3 186.1 (69.6) 17.7 (13.6) 5.13 (0.36) 3.41 (2.65) 25.3 (20.3) 41.9 (43.8) 2.77 (0.82) 16.1 (13.8)

4 186.2 (63.2) 14.6 (10.7) 5.13 (0.34) 2.79 (2.17) 25.1 (17.2) 30.9 (34.0) 2.80 (0.77) 11.3 (10.3)

5 186.6 (62.5) 13.2 (10.4) 5.13 (0.33) 2.51 (2.10) 25.8 (17.9) 32.1 (42.0) 2.78 (0.74) 11.1 (11.7)

6 186.2 (61.5) 12.8 (10.3) 5.13 (0.32) 2.48 (2.02) 25.3 (17.2) 30.5 (37.4) 2.77 (0.72) 10.7 (11.8)

7 185.1 (60.7) 13.3 (10.4) 5.12 (0.32) 2.59 (2.21) 24.9 (16.3) 28.6 (32.9) 2.77 (0.70) 10.8 (10.9)

a Mean (SD).

Figure 1 — Sample size and statistical power to detect 10%, 15%, 20%, and 25% differences between 2 groups of subjects (α = 0.05) for total and 
moderate-to-vigorous physical activity (raw data and log+1).
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transformation greatly reduced heteroscedasticity), and performing 
the appropriate transformation if necessary.

A number of studies have demonstrated the influence of daily 
and monthly variability on the estimate of physical activity. Grete-
beck9 reported lower TPA (kcal·d-1) on Sundays when compared 
with Wednesday, Thursday, and Friday. Similarly, Matthews5 found 
that women spent less time in MVPA on Sunday vs. Saturday. Sea-
sonal variability in TPA has also been reported, where winter TPA 
may be less than summer and spring/fall,8 or higher levels of TPA 
in warmer months vs. colder months.7 Although the current study 
demonstrates that day-of-week, weekly, and monthly variability 
may be important considerations, these effects differ substantially 
by subject.

The amount of within- and between-subject variance for TPA 
are not consistent in the literature, and few differentiate between 
TPA and MVPA. The within-subject variance for TPA in the current 
study (48.4%, raw data) was comparable to Coleman6 (46%), but 
lower than Levin7 (60%), and higher than Matthews5 (29% to 37%). 
The between-subject variance estimate for TPA for the current study 
(34.3%, raw data) was lower than Coleman6 (53%) and Matthews5 
(60% to 62%). We replicated the same model for TPA as Matthews,5 
and found the within-and between-subject variances were 58.0 and 
37.8%, respectively, with week (nested within subject) explaining 
4.2%. Matthews et al5 is one other study that has reported within- 
and between-subject variances for MVPA (34% to 38% and 53% to 
57%, respectively), which differed from the current study (54.3% 
and 31.8%, respectively for raw data). These are important differ-
ences since they have implications for the estimation of how much 
data are needed to estimate TPA and MVPA.

There are a number of possible explanations for the lack of 
agreement among the estimates of within- and between-subject 
variance for the current study and that of others. First, the data col-
lection periods were different (7 to 21 days of data collection6,5). 
Coleman6 had a relatively homogenous population of men (18–30 
yrs; so one might expect less subject-to-subject variation) and a 
different device. Matthews5 nested day-of-week within subject, but 
didn’t include week and month nested within subject as random 
variables. Based on our results, much but not all of this additional 
9% to 13% of the variation from these latter 2 components can 
be assigned to the within-subject variance. The MVPA cut-off for 
Matthews5 (1952 counts/min) was also different from the current 
study (2020 counts/min).

One important consideration is that the estimates of within-and 
between-subject variances mentioned above are based on untrans-
formed count data. However, the presence of residual heteroscedas-
ticity suggested the need to log-transform our data. When this was 
performed, there were large changes in our variance estimates, in 
particular the within-subject percent variance decreased; this would 
presumably be true for others as well.

Days of Monitoring Required To Estimate TPA  
and MVPA

A common measurement period of 7 days is used because that is 
believed to yield a reliability of 80%.18 The current study indicates 
that 7 days of data collection results in a 2.59% and 13.3% (log-
transformed and raw data, respectively) average difference with 
habitual TPA (defined as the 6-month average). The same 7 days 
of data collection results in an average difference of 10.8% and 
28.6% for MVPA (log-transformed and raw data respectively). 
Another measure of variability, the standard deviation of estimates, 
produces similar results (Table 4). Therefore, investigators must 

carefully consider the magnitude of the effects they wish to detect 
when deciding how much data to collect. Since log-transforming 
the data greatly improved the estimates for both habitual TPA and 
MVA, we recommend adopting this or a similar transformation 
when analyzing accelerometer data.

A common question in the literature is “how many days of data 
are needed?” to estimate habitual physical activity.3,10,18 The results 
of the current study indicate that the number of days of data needed 
are dependent on the type of habitual physical activity of interest 
(TPA or MVPA) and postcollection treatment of the data (eg, use 
of heteroscedasticity reducing or variance stabilizing transforma-
tion). The number of study subjects needed to detect differences in 
habitual physical activity between groups also depends on the type 
of physical activity of interest and the demographic characteristics 
of the study subjects. Unfortunately, due to the study design, we 
cannot estimate how close to habitual TPA and MVPA estimates 
would become beyond 7 days, though clearly using more days will 
gradually converge on the 6 mo mean. Using log transformed TPA 
data, an approximate 95% upper confidence limit for 7 sequential 
days of data are 2.57% + 2 × 2.21% ≈ 7% error, and fewer days 
(eg, 4) yield only slightly larger values. This may be sufficiently 
accurate for some purposes. Unfortunately, for MVPA, even 7 
days of data would not be sufficient to accurately estimate habitual 
physical activity.

For practical applications of these results to epidemiological 
studies interested in estimating habitual MVPA, we would like to 
make comparisons with Troiano et al.2 The subjects from Troiano 
et al2 were asked to wear an accelerometer for 7 days, whereby 
approximately 32% of the 40- to 59-year-olds fulfilled this criteria. 
Based on the results of the current study, the measured MVPA for a 
given study participant likely differed (higher or lower) from their 
habitual MVPA by an average of 29%, even in the most compliant 
subjects. In terms of sample size, to detect a difference in MVPA 
between 40- to 49-year-old women (n = 258; mean = 19.9 min·d-1) 
and men (n = 259; mean = 34.7 min·d-1) at a power of 0.9, a stan-
dard deviation of 15.6, and α = 0.05, only 44 study subjects were 
needed (22 per group). However, when comparing 20 to 59-year-old 
Non-Hispanic white men (n = 465; mean = 34.6 min·d-1) and Non-
Hispanic black men (n = 174; mean = 37.9 min·d-1) at a power of 
0.9, a standard deviation of 15.6, and α = 0.05, 942 subjects (471 
per group) were needed to detect the difference. So, in the latter 
comparison, it could be argued that this detectable difference could 
have been statistically significant had more Non-Hispanic black 
men had been included in the sample. In addition, far fewer subjects 
would have been required for either comparison if the data had been 
log transformed.

In conclusion, the current study provides a number of insights 
into understanding the nature of habitual physical activity. How-
ever, it is important to note there are a number of issues to take 
into consideration when applying these results. Given that the 
study subjects were middle-aged with an average BMI greater 
than 30, the within- and between-subject variance estimates could 
be different in other populations. Although the average TPA and 
MVPA were lower on Sundays, there is considerable variation 
in day-of-week effects among study subjects. Therefore, it is 
important to capture as many different days of the week of data as 
possible for each subject, as opposed to rigidly requiring Sunday 
data collections for all study subjects. Another important question 
is how many days of data collection are required to capture habitual 
TPA and MVPA with more accuracy than the lowest estimate in 
Table 4? Using log-transformations greatly reduced the number 
of days required, whereby less than a week of data collection 
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appeared adequate for TPA. Since the study subjects only wore the 
accelerometers over 7 consecutive day periods, we cannot reliably 
estimate habitual TPA or MVPA for studies conducted longer than 
7 consecutive days (thus we can’t provide the number of additional 
days that would be necessary for very accurate estimates). Lastly, 
the results of this study are from a group of highly-adherent study 
subjects (an average of 17 hrs/day), therefore the inference space 
of these analyses differ from studies reporting results from less 
adherent participants.
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