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Widespread adoption of consumer wearables offers large-scale, continuous physical activity data, but
concerns around non-representative device adoption and device differences have precluded their use
in population health surveillance. We examined trends in mean daily steps from >200,000 Fitbit
participants in Japan (2015-2023), and >300,000 in the United Kingdom (2021-2023) and >7 million
in 28 countries globally (2015-2022) to national estimates. Fitbit step estimates showed close agreement
with national estimates in younger and middle-aged adults in Japan (20-50 years: Mean Percentage
Difference = -0.3%), and middle-aged adults in England (50-69 years: MPD = 0.1-2.0%), though were
higher than national estimates in older adults in both countries (Japan 70+ years: MPD = 15.9%, England
80+ years: MPD = 20.1%). Changes in Fitbit steps showed a moderate-to-strong linear relationship
with changes in the prevalence of people who report meeting physical activity guidelines (2010-2022)
across 28 countries with complete demographic coverage (R> = 0.47-0.50). Consumer wearable data
provide indications of long-term population health trends and could complement national physical
activity surveillance in young and middle-aged adults in countries with sufficient demographic coverage,

which tend to be in the Global North.

1. Introduction

Reliable and timely estimates of population
physical activity are needed to monitor public
health, develop and evaluate policies, and iden-
tify changes in health-related behaviour (Bull
et al., 2020; Mason et al., 2022). However, most
national surveillance systems rely on self-reported
physical activity, which is susceptible to recall
and social desirability biases (Sallis and Saelens,
2000; Shephard, 2003). Device-based measure-
ments provide more objective estimates, but have
only been incorporated into national surveillance
in a small number of countries (de Wolf et al.,
2024). One notable exception is Japan, which
has measured steps using pedometers since 1995
as part of the National Health and Nutrition Sur-
vey (NHNS-J) (Nakagata and Ono, 2024).

Commercial wearable platforms continuously
collect physical activity data from millions of
users. These data are available at a scale and
frequency that conventional national surveys are

currently unable to achieve, and could therefore
complement existing population health surveil-
lance. More broadly, they provide an opportunity
to test whether this source of passively collected
data can generate useful population health in-
sights. However, commercial wearable users are
typically younger, more active, and more afflu-
ent than the wider population (Mair et al., 2022;
Omura et al., 2017; Strain et al., 2022). Differ-
ences in participant characteristics and measure-
ment devices may therefore limit the extent to
which estimates from commercial cohorts reflect
national physical activity patterns.

It therefore remains unclear whether sample
bias limitations preclude the use of commercial
wearable data for population surveillance, or
whether their large-scale and temporal resolu-
tion can nevertheless provide reliable informa-
tion about national trends. To our knowledge,
no large-scale longitudinal study has evaluated
commercial wearable estimates against concur-
rent measurements from nationally representa-
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tive surveillance programmes. This information
is needed to assess whether commercial wear-
able data can augment public health surveillance
systems.

Here, we compared mean daily step counts
from 239,296 Fitbit participants with nationally
representative estimates from the Japanese Na-
tional Health and Nutrition Survey (NHNS-J) be-
tween 2015 and 2023 (Nakagata and Ono, 2024).
To assess validity outside of Japan, we compared
mean daily steps in 321,287 older Fitbit users
with representative estimates from the English
Longitudinal Study of Ageing between 2021 and
2023. Finally, we compared trends in mean daily
Fitbit-measured steps with trends in self-reported
insufficient physical activity over 2015 to 2022
in 28 countries. Our data from over 7 million
Fitbit participants show the potential of commer-
cial wearable data to inform population health
surveillance.

2. Results

2.1. Demographic characteristics of Fitbit
users

We compared the demographic distribution of Fit-
bit participants, who provided consent for scien-
tific data sharing, in Japan, the United Kingdom,
and 28 other countries with at least 5 years of
estimates across all combinations of age and gen-
der (Supplementary Table 3). The number of
consenting Fitbit participants in countries meet-
ing selection criteria increased over 20-fold from
262,475 participants in 2015 to 7,371,717 partic-
ipants in 2025 (Figure 1). In Japan, there was an
increase from 1,466 Fitbit participants in 2015 to
239,296 participants in 2023.

Overall, the Fitbit cohort — restricted to users
who consented to data sharing and met wear-time
criteria — tended to be younger with a higher pro-
portion of women. In Japan, adults aged over
70 comprised fewer than 7% of the Fitbit cohort
compared to 28% of the Japanese population. In
contrast to the global distribution, women repre-
sented only 20% of participants in Japan in 2015,
increasing to 40% in 2023. In the United King-
dom, women were overrepresented in the 50-59

(+17.4%) and 60-69 (+6.9%) age brackets and
under-represented in the older age ranges, whilst
men were under-represented in all groups, and
particularly in the older age brackets.

2.2. Differences in step counts in Japan and
the UK

We first compared step counts from the wrist-
worn Fitbit cohort in Japan to the hip-measured,
population-level estimates from the annual Na-
tional Health and Nutrition Survey (NHNS-J)
(Nakagata and Ono, 2024). Unadjusted Fitbit
step estimates were substantially larger than
NHNS-J estimates. The Mean Absolute Percent-
age Error (MAPE) between estimates across de-
mographic groups was 52.8% (95% CI: 49.7—
56.0%), or 3,185.7 steps/day (95% CI: 2,969—
3,391) expressed as the Mean Absolute Error
(MAE), with Fitbit users having higher step counts
(Supplementary Table 1). Adjusting for differ-
ences between the wrist-worn Fitbit and hip-worn
NHNS-J measurement devices using the calibra-
tion equation from Nakagata et al. (2022) had a
major impact, and reduced the MAPE to 11.4%
(95% CI: 9.0-14.7). That calibration equation
was developed with participants aged 21-50. Fo-
cusing on differences within this age-range, the
signed Mean Percentage Difference (MPD) de-
creased from 7.2% (95% CI: 3.0-11.8) over the
20-70+ age range to -0.3% (95% CI: -5.4-3.4)
over the 20-50 age range. The discrepancy be-
tween the MPD (-0.3%) and the MAPE (6.7%,
95% CI: 5.3-8.1) over the 20-50 age range in-
dicates that, although the overall difference is
close to zero, non-zero differences persist within
demographic sub-groups within this age-range.

To assess agreement when consumer and na-
tional studies both use wrist-worn accelerometers,
we next compared Fitbit-measured steps in the
United Kingdom with data from the 2021-2023
wave of the English Longitudinal Study of Ageing
(ELSA) (Brocklebank et al., 2026). ELSA pro-
vided marginal mean step estimates by 10-year
age groups (50-80+ age range) and, separately,
by gender. The MAPE over the age marginals
in England was 5.8% (95% CI: 4.3-8.3), or 376
(95% CI: 289-551) steps expressed as the MAE
(Supplementary Table 2). Computing analogous
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Demographic distribution of Fitbit users compared to the general population

Japan Japan United Kingdom
2015 2023 2021-2023
Population n=104M Population n=104M Population n=77M
Fitbit n=1,466 Fitbit n=239,296 Fitbit n=321,287
70+ 9.1 -13.3 8.7 -13.1 80+ 471 68
60-69 4.1 8.3 +0.8mm -1.5
Age Group 50-59 +7.2 4.2 +6.0 +1.8 70-79 5.4 -3.7
40-49 ++14.9 3.6 +7.0 +2.6 60-69 21 +6.9
30-39 H+16.6 +0.2 +6.0 +1.8
20-29 +5.3 1.6 0.20m 2.7 50-59 -1.6 +17.4
40 20 0 20 40 40 20 0 20 40 40 20 0 20 4
Countries with large Fitbit user bases
2015 2020 2025
Population n=1,905M Population n=2,046M Population n=2,122M
Fitbit n=262,475 Fitbit n=3,325,312 Fitbit n=7,371,717
70+ 3.1 4.6 2.3 2.6 0.5 +0.7
60-69 0.7 0.7 0.9 +2.5 0.4 +3.6
Age Group 50-59 -0.2 +2.4 -1.9 +4.5 -1.9 +2.8
40-49 0.6 +3.6 2.9 +5.0 1.3 +4.0
30-39 4 +0.1 +7.0 3.1 +8.1 -1.9 +3.9
20-29 4 -5.3 +2.1 7.5 +1.1 6.1 2.8
20 10 0 10 20 20 10 0 10 20 20 10 0 10 20
Percentage (%) Percentage (%) Percentage (%)
General Population (wider bar) Women Fitbit users Men Fitbit users

Figure 1 | Demographics of Fitbit users in Japan, the UK, and 28 other countries versus national
estimates from United Nations, Department of Economic and Social Affairs, Population Division

(2024). Selected countries contain at least 5 years of Fitbit estimates across all combinations of age
and gender.

Demographic-dependent discrepancies between Fitbit
and national surveillance steps in Japan and England
Age group Sex

30- @ Japan (NHNS-J, Calibrated)

# England (ELSA Wave 10)
20 1 +20.1
Relative +15.99+15.9
difference 10 1
(% of national +7.7 +7.9 % +8.8
reference) +4.5 61
+3.1 E EH'O +2.6
0 +0.1
{_3.1 {2.7
_10 -
20-29 30-39 40-49 50-59 60-69 70-79 80+ Men Women
(70+ Japan)

Figure 2 | Relative differences between marginal mean step counts increased with age in both countries.
Estimates in Japan were adjusted by an external calibration equation from a device comparison study
in participants aged 21-50, and over this age range, relative differences sit close to 0% (Nakagata
et al., 2022). The English Longitudinal Study of Ageing accelerometer substudy deployed a more
comparable wrist-worn device. The relative difference was 0.1% for participants aged 50-59 and was
lower than the corresponding difference seen in Japan, though it also increased with age.
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marginal means over 10-year age groups in Japan
resulted in a MAPE of 9.1% (95% CI: 6.6-12.0).
This suggests that differences between Fitbit and
national estimates are smaller in older partici-
pants when device hardware and placement is
similar, though small differences persist between
the estimates.

The difference between the Fitbit and national
surveillance estimates increased with age in both
countries. In Japan, the MPD increased from -
3.1% (95% CI: -8.1-1.9) in participants aged 20—
29 to 15.9% (95% CI: 7.5-24.2) in participants
aged 70+. In England the MPD increased from
0.1% (95% CI: -3.4-3.6) in participants aged 50—
59 to 20.1% (95% CI: 10.6-29.5) in participants
aged 80+. Comparing common age groups, we
observed smaller differences between the Fitbit
cohort and English national surveillance estimate
than in Japan. In participants aged 50-59, the
differences were +0.1% (95% CI: -3.4%-3.6%)
in England compared with +7.7% (95% CI: 2.4—
13.0) in Japan, and for participants aged 60-69,
2.0% (95% CI: -0.9-4.9) in England compared
with +15.9% (95% CI: 9.7-22.1) in Japan. Over-
all, these results indicate that Fitbit step count
estimates are within a few percentage points of
national estimates in adults aged 20-50 in Japan
and 50-70 in England, but are higher than na-
tional estimates in older adults in both countries
(Supplementary Table 2).

Beyond comparing the magnitude of the step
count estimates in Japan, we can compare their
trends over time. Both Fitbit and NHNS-J age and
gender-standardised cohorts showed a decline in
mean daily steps over 2015-2023 of 8.6% and
6.6% respectively. NHNS-J data collection was
paused during the pandemic (2020-2021). How-
ever, data from the Fitbit cohort was available
throughout this period, and showed a 4.5% de-
cline from 2019 to 2020.

2.3. Comparing trends in self-reported suffi-
cient physical activity to Fitbit-measured
step counts

After showing that Fitbit data were comparable to
snapshot national surveillance estimates, we as-
sessed whether continuous, multiyear Fitbit data

could reliably estimate population-level trends in
step counts. Whilst there are few other countries
that offer nationally-representative, device-based
step estimates, there are prior estimates of na-
tional and regional trends in insufficient physical
activity across 197 countries and territories over
several decades based on self-reported physical ac-
tivity surveys (Strain et al., 2024). Twenty-eight
countries had at least 5 years of mean daily step
estimates and sufficient demographic coverage,
defined as at least 30 Fitbit users per combination
of 10-year age group and gender (Supplementary
Table 3). These 28 countries are predominantly
in the Global North.

Country-level changes in Fitbit step counts
were associated with changes in the prevalence
of self-reported sufficient physical activity. Linear
trends fitted to Fitbit data from 2015 to 2022
and extrapolated to 2010 explained 47% of the
between-country variation in prevalence changes
among women and 50% among men (Figure 3).
Each 1% increase in mean Fitbit steps was asso-
ciated with a 1.14% increase in the prevalence
of self-reported sufficient physical activity among
women (SE=0.239, p<0.001) and a 0.79% in-
crease among men (SE=0.156, p<0.001). For
instance, in Ireland there was an estimated 17.1%
increase in the prevalence of women meeting
physical activity guidelines from 64.8% in 2010
to 75.9% in 2022. Similarly, we saw an increase
in mean daily steps in women using Fitbits in Ire-
land over 2015-2022 of 10.1 steps per day, year
over year. On the other hand, we also observed
discrepancies between these estimates. In South
Africa there was an estimated 6.1% increase in the
prevalence of women meeting physical activity
guidelines, whereas we saw an average decrease
in mean daily steps of 216.7 steps per year.

2.4. Assessing Fitbit data to fill gaps in na-
tional surveillance

As annual health surveys are costly and burden-
some, we tested whether continuous Fitbit data
could help fill gaps between national surveillance
waves. We therefore simulated if using national
Fitbit data might be more accurate than relying
on older national surveillance estimates. To eval-
uate this using annual device-based surveys from
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Twelve year changes in Fitbit steps and sufficient physical activity prevalence

Men Women
407 ¢ Increasing PA _-~ ] 1 Increasing PA e
- td
30 L . o
e BE /’
20 A e 1 Uk ES JE
UK ES BE P
104 o F:T"ISEL’&// E | L SE _DkFFH/,AT
. fr DE% s % NZzay e
Change in 04 AN || CH ] z e e gl
sufficient PA sl o Uy O
prevalence (%) _1q A T | BR,,’,TH'OB‘T
” IN 7B
—20 A ',z’ i //
r ’
—-304 -=- R?2=10.50 (p<0.001) g N —-== R2=0.47 (p<0.001)
PH
40 Increasing steps — Increasing steps —
- T T T T 1 T T T T 1

-40 -30 -20 -10 0 10 20 30 40 —-40 -30 -20 -10 O 10 20 30 40

Change in Fitbit steps (%)
(2022 estimate — 2010 estimate) / 2010 estimate

Figure 3 | Extrapolated 12-year relative changes in Fitbit mean step counts showed moderate-to-strong
agreement with 12-year relative changes in the prevalence of self-reported sufficient physical activity
(2010-2022; Strain et al. (2024)). A mapping from country codes to country names is available in
Supplementary Table 3.

Percentage error predicting national step counts from Fitbit estimates calibrated h years ago

Carrying forward estimate from h years ago
81 @ _ Fitbit + age*gender

Census-weighted 6 - 6:0 86.1
MAPE (%) @55 {5.5 ®5.6
{4.9
44 39 4.2 ,
2 .
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
t=5 t=3 t=3 t=3 t=2 t=2 t=2 t=1

h = years between calibration survey and evaluation year
t = number of evaluation years

Figure 4 | MAPE in predicting national step counts in Japan from contemporary Fitbit estimates, with
an OLS model, adjusting for age group and gender, trained on concurrent data from h years prior to
the evaluation year. The baseline strategy of carrying forward estimates from h years prior performs
better for small lags. The number of evaluation years for each lag h is indicated with ¢, which jumps
from 5 to 3 due to missing estimates during the COVID-19 pandemic. Central markers represent the
median across evaluation years, with whiskers representing the minimum and maximum observed
differences (point estimates shown when ¢ = 1).
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Japan, we simulated scenarios where national
step estimates would not be collected for h years
(Figure 4). Initially, a simple approach of carrying
forward the previous year’s estimates could be
sufficiently accurate for up to 7 years. However,
after 7 years the inclusion of age and sex stan-
dardised Fitbit data helped improve national step
count estimates (Median MAPE at 7 years 4.9%
vs. 6.9% steps/day; Supplementary Table 5).

3. Discussion

Fitbit mean daily step estimates showed close
agreement with national surveillance estimates
in younger and middle-aged adults in Japan (20-
50 years: MPD = -0.3%) and England (50-69
years: MPD = 0.1-2.0%), and 12-year changes
in mean daily steps across 28 countries showed
a moderate-to-strong association with changes
in the prevalence of people meeting physical
activity guidelines (R?> = 0.47-0.50), despite
demographic imbalances. However, Fitbit esti-
mates substantially overestimated mean daily
steps in older adults in both Japan (70+ years:
MPD = 15.9%), and England (80+ years: MPD =
20.1%). Using data from Japan, we found that the
inclusion of national Fitbit data could improve
national step-count estimates when a previous
survey is 7 or more years old. Finally, the 28
countries with sufficient demographic coverage
to derive these longitudinal estimates are predom-
inantly in the Global North.

Dismissing consumer wearable cohorts solely
on the basis of non-representative sampling
would overlook valuable epidemiological signals.
While Fitbit users tended to be younger, aligning
with previous observations that device adoption
favours younger individuals (Bietz et al., 2016;
Pontin et al., 2021), we also found that the Fitbit
cohort can yield relatively accurate population
step estimates in younger and middle-aged adults
in Japan and England, and has some predictive
power for longitudinal trends across 28 countries.
While more accuracy in adults aged over 70 is
important, we note that current World Health
Organisation priorities for national surveillance
are in adults under the age of 70 (World Health
Organisation, 2026).

Comparing demographic and device-related
sources of discrepancy in Japan highlighted the
relatively large impact of device differences.
Whilst adjusting for device-related measurement
differences helped reduce the differences in esti-
mates, we still observed age and gender vary-
ing differences between the estimates, either
due to differences in the cohort, or limitations
with the applied calibration equation (Figure
2). Age-related differences in device estimates
have previously been observed in a study com-
paring wrist-worn ActiGraph GT3X and AS-200-
measured steps in the same population (Naka-
gata et al., 2024), as well as in a systematic re-
view of wrist versus hip-worn ActiGraphs (Toth
et al., 2024). For this reason, the comparison in
England was informative since we were able to
compare estimates in older adults wearing similar
devices. Indeed, we observed lower relative dif-
ferences in the marginal means in each age group
in the UK compared to Japan, though there were
still age-related differences.

This study used one of the largest consumer
wearable dataset, and was able to compare it to
national physical activity estimates from three
different sources. As far as possible, we tried
to match the temporal sampling and data pro-
cessing procedures used in these studies. The
comparison in Japan was limited by the avail-
ability of comparison studies to harmonise the
AS-200 and Fitbit step counts. Step counts were
aggregated across different Fitbit devices, device
firmware and mobile application software, and
shifts in the distribution of these over time could
impact the estimates. Additionally, we were un-
able to make adjustments based on covariates
such as socioeconomic status, location and BMI,
which might further explain differences in steps
between these cohorts. For the ELSA comparison,
we contrasted estimates from the UK (2022 pop-
ulation: 67.6 million) with those from England
(57.1 million, or 84.5% of the UK population Of-
fice for National Statistics (2024)), noting that
ELSA does not include participants from Scotland,
Wales, or Northern Ireland.

Consumer wearable data could extend national
physical activity surveillance by providing esti-
mates between survey waves, at least in settings
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with high device adoption such as Japan and Eng-
land. Their limited reach in the Global South,
however, highlights an important equity gap. Ex-
panding validation across countries and cohorts,
while investing in representative wearable-based
surveillance, will be critical to realise the poten-
tial of consumer devices for global population
health monitoring.

4. Methods

4.1. Study populations and data processing
4.1.1. Fitbit cohort

De-identified daily step counts and self-reported
demographic attributes, including birth year, gen-
der and regional time-zone, were obtained from
Fitbit users who provided informed consent for
secondary data analysis in scientific research.
Ethical review for this study was exempted by
the Institutional Review Board (IRB) of WCG
(Ref. 20254444) as the research involved the
secondary analysis of existing data (archival, de-
identified records) that are not individually iden-
tifiable, consistent with federal regulation 45 CFR
S46.104(d)(4).

4.1.2. Japanese National Health and Nutrition
Survey (NHNS-J)

Pedometer-measured step statistics in Japan were
obtained from the e-stat portal from 2015 to 2023
(Ministry of Health, Labour and Welfare, 2026).
Step estimates are available for 2024, though
were derived using a different device and data-
cleaning procedures, thus we excluded these esti-
mates. Stratum-level summary statistics, includ-
ing mean daily steps, sample standard deviations
and participant counts were extracted across 10-
year age strata (20-29, 30-39, ..., 60-69, 70+
years), for male, female and combined partici-
pants. Participants were asked to wear the devices
during a representative day during a selected
week in November for the full day and record
the daily step count value themselves, since the
pedometer did not have a memory function.

4.1.3. English Longitudinal Study of Ageing
(ELSA) Substudy

To evaluate Fitbit estimates against an indepen-
dent wearable study, marginal mean step counts
were obtained from the ELSA physical activity
monitoring substudy conducted between June
2021 and March 2023. A representative sample
of approximately 5,000 adults aged 50+ years in
England wore an accelerometer on the wrist for
8 consecutive days and nights. Marginal mean
steps and confidence intervals were available for
10-year age brackets (50-59, 60-69, 70-79, 80+
years), and for women and men (Brocklebank
et al., 2026).

4.1.4. United Nations
Prospects

World Population

The number of people in different demographic
groups in Japan, the United Kingdom and coun-
tries with a large proportion of Fitbit users were
obtained from the UN World Population Prospects
estimates (United Nations, Department of Eco-
nomic and Social Affairs, Population Division,
2024). Estimates were available across 5-year
age groups, which we aggregated into 10-year
age groups to align with the national studies.

4.1.5. Device hardware and processing

Fitbit devices spanned several generations and
form factors. Onboard tri-axial MEMS accelerom-
eters were used to derive steps counts using a
proprietary step-counting algorithm. The NHNS-
J deployed waist-worn, spring-lever pedometers
(AS-200, Yamasa Tokei Keiki Co., Ltd., Tokyo,
Japan). The ELSA substudy deployed wrist-worn
triaxial accelerometers (Axivity AX3, Axivity Ltd.,
Newcastle upon Tyne, UK) and derived counts
using the open-source, validated OxWearables
algorithm (Small et al., 2024).

4.2. Data cleaning and inclusion criteria

To mitigate against confounding introduced by
variable non-wear, we excluded days where de-
vices were worn for less than 80% of the 24 hour
day based on the number of valid heart-rate read-
ings, which acted as a proxy for the device being
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on the wrist. Readings were aggregated by par-
ticipant before computing stratum-level statistics
to ensure that statistics are not skewed towards
more active users. In line with the data collection
and processing procedures in the NHNS-J, daily
step count readings were only selected from days
in November between 2015 and 2023, from Mon-
day to Saturday (inclusive). Step counts < 100
or > 50,000 were excluded prior to aggregation
(Kikuchi et al., 2025). In the United Kingdom, we
selected participants aged 50+ during the ELSA
wearable sub-study collection window (June 2021
— March 2023), and took the median daily step
count per participant over the window (Brock-
lebank et al., 2026). Globally, countries were
eligible if they had at least 5 years of step data
between 2015 and 2022 with complete demo-
graphic coverage, defined as > 30 active users
in every 10-year age-gender stratum (N = 28
countries). Participant daily step counts were
aggregated per year by taking the mean.

4.3. Statistical analysis

4.3.1. Demographic characteristics of Fitbit
users

In order to assess representativeness of and
growth in Fitbit users, we counted the number
of unique users per year, 10-year demographic
group and gender. Let N;,, denote the number
of active Fitbit users in age group i, gender g, and
calendar year t. The proportion within each stra-
tum is pig: = Nig/ 2 o Nivg - National census
population weights wy for stratum k = (i, g) were
derived from UN population data and normalized
such that }; wy = 1. Since ELSA data collection
happened over several years, we compared the
number of unique Fitbit participants to the aver-
age number of people in each demographic group
from the population estimates over the ELSA data
collection period.

4.3.2. Differences in step counts in Japan and
the UK

To quantify differences between Fitbit and na-
tional step count estimates, we used three main
metrics. Let Fi denote the mean daily step count
from the Fitbit cohort for demographic stratum

k in year t, and let Y3 . denote the corresponding
national estimate over T concurrent years. The
Mean Absolute Error (MAE) was computed as,

1 T
MAE = ? ; Zk:wkIFk’t — Yk,tl-

The Mean Absolute Percentage Error (MAPE),
which expresses these absolute differences rel-
ative to the national estimates, was computed
as,

Fkt th

k,t

x 100%.

MAPE = Z Zwk

t=1

The Mean Percentage Difference (MPD) omits the
absolute value operation to measure average bias,
and was computed as

( Fre —

MPD = Z Dw
TH3%

To evaluate statistical uncertainty around the
multi-year metrics in Japan, we performed year-
clustered bootstrap sampling of calendar years
with replacement (B = 10, 000 iterations, retain-
ing all 12 demographic strata within sampled
years). The limited number of concurrent sur-
vey waves and potential temporal autocorrelation
across survey years are limitations with this ap-
proach.

) x 100%.

To address measurement differences between
wrist-worn Fitbits measured steps and AS-200
pedometer measured steps, we applied the fol-
lowing equation:

— 4152
kt 0.8

This was taken from an external comparison study
comparing concurrent wear of the Fitbit Flex and
AS-200 pedometer in 19 participants aged 21—
50, conducted in free-living conditions (Nakagata
et al., 2022).

; F
F(adJ) _

Cross-sectional estimates in ELSA were only
available as marginal means across age groups (4
estimates) and gender (2 estimates). To compare
Fitbit estimates to ELSA estimates, we performed
ordinary least squares (OLS) regression with par-
ticipant median steps as the outcome and age
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group and gender as categorical variables. To
compare the differences seen in England to those
seen in Japan, we computed marginal means over
Fitbit estimates in Japan and NHNS-J estimates
by fitting similar regression models with stratum-
level step estimates as the outcome and age, gen-
der, and calendar year as covariates.

The marginal mean fi,, can be expressed as a
linear combination of the fitted regression coef-
ficients 8 € RP*! as fi,, = ¢" B, where ¢ € RP*! is
a contrast vector obtained from averaging over
all values of non-target covariates while hold-
ing the value of a target covariate fixed. By
the central limit theorem, the marginal mean is
asymptotically normally distributed with mean
¢"B and standard error SE,, = (cTZﬁc)l/Z, where
Z; € RP*Fis the covariance matrix of the fitted re-
gression parameters, thus enabling us to compute
confidence intervals around marginal means.

For marginal means across age groups or gen-
der, we computed the Mean Percentage Differ-
ence (MPD) and Mean Absolute Percentage Er-
ror (MAPE) between the Fitbit (firs») and na-
tional (figef,) marginal means. Using the Delta
method, the sampling distribution of the MPD is
asymptotically normally distributed with mean

100 (”Fﬂ - 1) and standard error:

HRef,m
SE(MPD,,) ~100 ( HFB,m ) X
HRef,m

(SEFB,m )2 \ (SERef,m)z "
ﬁFB,m ﬁRef,m

For the Mean Absolute Error (MAE), the linear
difference fipg m — figefm is normally distributed
with mean p1gg n — figef,» and exact standard er-
ror SE(MAE,,) = (SEZ, , + SElief’m)l/z. Standard
errors for the MAPE equal SE(MPD,,), with con-
fidence intervals bounded at zero (> 0).

In order to summarise differences across both
Japan and England, we took the average of the dif-
ferences in the marginal means across age groups.
To construct confidence intervals for these com-
posite summaries, we drew 10,000 parameter
realisations from the sampling distribution of the
fitted regression parameters and recorded the
2.5th and 97.5th percentiles of the resulting com-
posite metrics.

Mean step count declines between 2015 and
2023 were calculated from annual demographic-
standardised means. The relative change over
this observation period was obtained by taking
the differences between the 2023 and 2015 de-
mographic standardised means, and dividing by
the 2015 mean.

4.3.3. Comparing trends in sufficient physical
activity to step counts

Strain et al. (2024) report model-adjusted esti-
mates of the prevalence of insufficient physical
activity in different countries in 2010 and 2022.
The relative change in sufficient physical activity
was obtained from these estimates by looking at
the difference between the 2022 and 2010 esti-
mates relative to the 2010 estimates. This was
informed by predicted trends in the prevalence of
insufficient physical activity based on a multi-level
Bayesian model and national estimates from phys-
ical activity questionnaires (Strain et al., 2024).

Annual world-standardised mean daily steps
for each eligible country (N = 28 countries meet-
ing complete demographic coverage) and gen-
der were modelled as continuous linear functions
of calendar year over the observation window
2015-2022. To align with the 12-year physi-
cal activity surveillance window of Strain et al.
(2024), estimated 12-year relative percentage
changes from 2010 to 2022 were extrapolated.
The cross-national relationship between wearable
step count shifts and population survey trends
across the 28 countries was evaluated using ordi-
nary least squares regressions specified separately
for men and women, yielding variance explained,
regression slopes, standard errors, and baseline
intercepts.

4.3.4. Assessing Fitbit data to fill gaps in na-
tional surveillance

National device-based step estimates, if available
at all have been collected for only a single or a
couple of years in countries like Denmark and
the Czech Republic (de Wolf et al., 2024). We
evaluated whether annual Fitbit estimates can
provide contemporary estimates in these settings
by calibrating models against historical national
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estimates.

We used stratum-level NHNS-J data from
2015 to 2023, and trained models on concurrent
national and Fitbit data up to h years before
an evaluation year. Whilst the model is able
to use Fitbit estimates for the evaluation year,
it only has access to concurrent national and
consumer estimates from h years before. The
lag h between concurrent seen estimates and
the evaluation year was varied from 1 to 8
years, where a lag of 8 years involved training
models on concurrent data from 2015 and
then testing its performance on unseen NHNS-J
estimates from 2023. Smaller lags enabled
multiple train-test pairs. For instance, a lag
of h = 4 years led to the following train-
test pairs (train,test) € {({2015},{2019}),
({2015, 2016,2017,2018}, {2022}),

({2015, 2016,2017,2018,2019}, {2023})}.
Performance on evaluation years was assessed
by computing the stratum-level MAE, MPD and
MAPE.

5. Data availability

Fitbit data cannot be made publicly available due
to consent provided by users which grants per-
mission for use of this data for research purposes
but not for public release. Ethical approval for the
use of this data was granted by the Western In-
stitutional Review Board-Copernicus Group IRB,
which classified the research as exempt under fed-
eral regulation 45 CFR 46.104(d) (4). Upon paper
acceptance, we will provide an exemplary syn-
thetic data -set, in order to illustrate the methods
used in this paper, so that they can be replicated
on other dataset.

Annual, stratum-level mean daily step esti-
mates from the NHNS-J were obtained from the
e-stat portal (Ministry of Health, Labour and Wel-
fare, 2026). These data are publicly available
and free of copyright restrictions for academic
reuse. Cross-sectional, marginal mean step esti-
mates from the ELSA physical activity monitoring
substudy were obtained from Table 2 of Brockle-
bank et al. (2026), which is available under a CC
BY 4.0 International license. Finally, estimates
of the prevalence of insufficient physical activity

were taken from the supplementary materials of
Strain et al. (2024), which is distributed under a
CC BY license.

6. Code availability

A reproduction of the analysis on synthetic data
will be made available with the paper upon pub-
lication.
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