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Extended Data 1 

Extended Data Table 1. Summary of device ownership among cohort participants who provided their 2 
device information (n = 12,898). Note: Participants were allowed to report more than one device. 3 
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Fitbit Model Type Count 
Charge 5 Wristband (2021) 2372 
Charge 2 Wristband (2016) 2193 
Versa 2 Smartwatch (2019) 1799 

Charge 4 Wristband (2020) 1353 
Sense Smartwatch (2020) 1345 

Charge 3 Wristband (2018) 1034 
Versa 3 Smartwatch (2020) 912 
Versa 4 Smartwatch (2022) 911 
Versa Smartwatch (2018) 857 

Alta HR Wristband (2017) 839 
Inspire 2 Wristband (2020) 818 

Luxe Wristband (2021) 592 
Inspire HR Wristband (2019) 557 

Blaze Smartwatch (2016) 445 
Sense 2 Smartwatch (2022) 393 

Versa Lite Smartwatch (2019) 346 
Charge HR Wristband (2015) 274 

Inspire 3 Wristband (2022) 254 
Google Pixel Watch Smartwatch (2022) 180 

Ionic Smartwatch (2017) 168 
Alta Wristband (2016) 102 
One Clip (2012) 100 

Surge Smartwatch (2014) 87 
Flex Wristband (2013) 80 

Flex 2 Wristband (2016) 75 
Inspire Wristband (2019) 71 

Zip Clip (2012) 56 
Charge Wristband (2014) 43 
Ace 2 Wristband (2019) <20 
Force Wristband (2013) <20 
Ultra Clip (2011) <20 

Classic Clip (2009) <20 
Google Pixel Watch 2 Smartwatch (2023) <20 

Ace 3 Wristband (2021) <20 
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Extended Data Table 2: Demographics of each group of clusters from the intra-week patterns (columns 6 
in Figure 3B).  7 
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Extended Data Table 3. Chosen clinical outcomes based on the BRFSS, their corresponding question 10 

from BRFSS, and the list of Observational Medical Outcomes Partnership (OMOP) concept IDs used to 11 

define each clinical outcome. 12 
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Extended Data Table 4. Logistic regression and chi-square test results for associations between wear 15 
behavior and clinical outcomes. When level of wear was analyzed as a continuous variable, odds ratios 16 
from logistic regression are reported with their 95% confidence intervals in brackets. For categorical 17 
analyses, chi-square test statistics (χ²), degrees of freedom (df), and p-values are provided. Significant 18 
results are highlighted in bold. The notation “S” indicates cases where Monte Carlo simulations were used 19 
to estimate p-values when applicable. COPD = Chronic Obstructive Pulmonary Disease, T2D = Type 2 20 
Diabetes Mellitus. 21 
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Extended Data Table 5. Prevalence of clinical outcomes across wear behavior groups. This table 24 
presents the prevalence rates (%) of key clinical outcomes across wear behavior groups (e.g., inconsistent 25 
vs. consistent wear) and further subgroups (e.g., high vs. low wear levels and wear patterns such as 26 
Daytime Wear, Nighttime Wear, Morning Gap, and Night Gap). Weekday-weekend uniformity is 27 
described as the row number, counted from the bottom of Figure 3B, where 1 represents the pattern with 28 
the lowest difference between weekday and weekend wear patterns, and 5 represents the highest 29 
difference. We denote the combination of wear pattern and weekday-weekend uniformity as “abbreviated 30 
wear pattern” - “weekday-weekend uniformity.” For example, “D-1” denotes the Daytime Wear pattern 31 
with the lowest weekday-weekend uniformity.  COPD = Chronic Obstructive Pulmonary Disease, T2D = 32 
Type 2 Diabetes Mellitus. 33 
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Extended Data Table 6. Results of Chi-Square tests examining the association between sub-patterns 36 
within each wear pattern (Daytime Wear, Nighttime Wear, Night Gap, and Morning Gap) and various 37 
clinical outcomes. Significant results after multiple testing corrections are bolded, and “S” denotes the use 38 
of Monte Carlo simulations to estimate p-values where applicable. COPD = Chronic Obstructive 39 
Pulmonary Disease, T2D = Type 2 Diabetes Mellitus. 40 
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Extended Data Figure 1. Inclusion criteria for main cohort and long-term cohort. The flow diagram 43 
describes the inclusion criteria applied to define the Main Cohort and the Long-Term Cohort used for 44 
visualization and clustering. 45 
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Extended Data Figure 2: Mean overall wear fraction of the long-term cohort (N=4,940) on federal 48 
holidays, and on the same day of the week in the 4 weeks preceding and following each holiday. Federal 49 
holidays included Martin Luther King Jr. Day, Presidents Day, Memorial Day, Independence Day, Labor 50 
Day, Columbus Day, Veterans Day, Thanksgiving, and Christmas. On each holiday, the population has a 51 
tendency to wear their devices less than on the same day of the week in the vicinity of the holiday. Only 52 
MLK Jr day has a different trend, but being in early January, this is attributable to the increase in wear at 53 
the beginning of every year.  54 

 55 

  56 



9 

Extended Data Figure 3: Grouping similar patterns that were originally separated by the unsupervised 57 
agglomerative clustering algorithm. The final clusters presented in Figure 2B are a result of merging each 58 
of the boxed clusters together and recalculating the centroid. It should be noted that the non-habitual 59 
groups present in Figure 2B were excluded from this analysis.  60 
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Extended Data Figure 4: Kernel density estimation (KDE) plot of overall wear levels stratified by 63 
demographic characteristics. The curves are normalized by subgroup. (A) Displays wear level 64 
distributions across male vs female. (B) Compares wear levels between younger (<50 years) and older 65 
(≥50 years) individuals. (C) Shows wear level distributions across all age groups. (D) Examines wear 66 
levels by annual income, aggregated into low-income (<$75K) and high-income (≥$75K) groups. (E) 67 
Displays wear level distributions across all detailed income brackets. 68 
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Extended Data Figure 5: Algorithm steps for extracting daily and weekly wear patterns. First, a binary 71 
indicator vector for whether the watch is worn is generated at a 15 minute resolution, then downsampled 72 
to hour-level fractional wear. Next the vector is reshaped into a matrix such that each day occupies one 73 
row in the matrix. For the daily wear pattern, this matrix is aggregated along the day axis to get the 74 
average wear level at each hour of the day, then normalized to mean 0 and standard deviation 1. For the 75 
weekly wear pattern, the matrix is further reshaped into a tensor which is a stack of matrices that each 76 
represent one week of days. The tensor is then aggregated along the week axis to get the average wear 77 
level at every given hour of the day on every day of the week.   78 
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Extended Data Figure 6. Weekday-weekend consistency. The circadian and weekly consistency 81 
metrics are defined as the difference between the maximum and minimum values in an individual’s intra-82 
day or intra-week pattern vector (prior to normalization), respectively. Examples include: (A) an 83 
individual with high average wear level (more wear than non-wear days) but low consistency due to the 84 
differences in their timing and duration of wear; (B) an individual with low average wear levels (more 85 
non-wear than wear days) and low consistency; (C) an individual with high average wear levels and high 86 
consistency from wearing their device at consistent times; and (D) an individual with high weekly 87 
consistency from consistently wearing their device at similar times across all days of the week. 88 
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