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Abstract

The purpose of this study was to compare EE estimates from five consumer physical activity 

monitors (PAMs) to indirect calorimetry in a sample of youth. Eighty-nine youth (mean(SD); age, 

12.3(3.4) yrs; 50% female) performed 16 semi-structured activities. Activities were performed in 

duplicate across two visits. Participants wore a Cosmed K4b2 (criterion for EE), an Apple Watch 2 

(AW, left wrist), Mymo Tracker (MT, right hip), and Misfit Shine 2 devices (MSH, right hip; MSS, 

right shoe). Participants were randomized to wear a Samsung Gear Fit 2 (SG) or a Fitbit Charge 2 

(FC) on the right wrist. Oxygen consumption was converted to EE by subtracting estimated basal 

EE (Schofield’s equation) from the measured gross EE. EE from each visit was summed across the 

two visit days for comparison to the total EE recorded from the PAMs. All consumer PAMs 

estimated gross EE, except for AW (net Active EE). Paired t-tests were used to assess differences 

between estimated (PAM) and measured (K4b2) EE. Mean absolute percent error (MAPE) was 

used to assess individual-level error. The MT was not significantly different from measured EE 

and was within 15.9 kcals of measured kcals (p = 0.764). Mean percent errors ranged from 3.5% 

(MT) to 48.2% (AW). MAPE ranged from 16.8% (MSH) to 49.9% (Mymo).

• Only the MT was not significantly different from measured EE but had the greatest 

individual error.

• The MSH had the lowest individual error.

• Caution is warranted when using consumer PAMs in youth for tracking EE.
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Introduction

It is currently recommended that children and adolescents obtain 60 minutes or more of 

moderate-to-vigorous physical activity (MVPA) daily (U.S. Department of Health and 

Human Services). However, it is estimated that only 21.6% of youth ages 6–19 years meet 

the physical activity (PA) guideline according to wearable device assessment of PA 

(National Physical Activity Plan Alliance 2018; Troiano et al. 2008). PA assessment, which 

often focuses on estimating energy expenditure (EE) or counting steps, can be useful for 

activity tracking and as well as for goal-setting to assist with behavior change. A frequently 

used tool to assess PA are wearable PA monitors (PAMs). These devices are sold 

commercially and use sensors (e.g. accelerometers, gyroscopes, and altimeters) to track 

motion and translate that motion into relevant estimates such as steps or EE. Consumer 

PAMs are widely popular, and there is corresponding interest in their validity, particularly 

for devices made by industry leaders such as Apple, Fitbit, and Samsung. However, there has 

been disproportional focus on PAM validity and use for adults (Bai et al. 2016; Chowdhury 

et al. 2017; Dominick et al. 2016; El-Amrawy and Nounou 2015; Evenson et al. 2015; 

Ferguson et al. 2015; Kaewkannate and Kim 2016; Kooiman et al. 2015; Lee et al. 2014; 

Nelson et al. 2016; Woodman et al. 2016) versus youth (Sirard et al. 2017), and it is 

important to assess the two groups separately (Ainsworth et al. 2018; Butte et al. 2018; 

McMurray et al. 2015; Pfeiffer et al. 2018).

As of October 2018, a search of ClinicalTrials.gov showed there were 15 youth-focused 

studies that used a Fitbit device (U.S. Department of Health and Human Services 2018). As 

consumer PAMs become more common in clinical trials (Wright et al. 2017) and 

interventions (Gaudet et al. 2017), it is important to understand how consumer PAMs 

perform in youth. Thus, the purpose of this study was to evaluate the validity of EE 

estimates from five consumer PAMs in youth during simulated free-living activities.

Methods

Participants

One hundred youth ages 6–18 years from the Knoxville, TN community and surrounding 

areas were recruited via flyers, e-mail, and word of mouth. Parents or guardians of 

participants simultaneously provided written informed consent and a completed health 

history questionnaire to determine participant eligibility to participate in the study. Eligible 

participants then provided written informed assent and were enrolled in the study. 

Participants were asked to abstain from eating and drinking (except water) for 3-hrs prior to 

each lab visit. All study procedures were reviewed and approved by The University of 

Tennessee, Knoxville Institutional Review Board.

Procedures

Participants were asked to come into the Applied Physiology Lab at The University of 

Tennessee, Knoxville on two separate days. During the first visit, participants had their 

height, seated height, weight, and body composition measured in light clothing and no socks 

or shoes. Height was measured using a wall-mounted stadiometer. Weight was measured 
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during a body composition assessment using a Tanita BIA BC-418 Bioelectrical Impedance 

Analyzer.

Following the anthropometric measurements, resting metabolic rate (RMR) was assessed 

during 30 minutes of supine rest using a Cosmed K4b2. The RMR was done in a non-

overnight fasted state. Afterwards, eight semi-structured activities were performed from a 

list of 16 activities including: supine rest, sitting in a reclined position, using the internet 

(e.g. checking e-mail, watching videos, reviewing homework assignments, etc.), reading a 

book, playing computer games (e.g. Tetris, Pac-Man, Slither.io), over-ground self-paced 

slow and brisk walking, sweeping (e.g. sweeping paper shreds off a hallway floor into a 

dustpan), dusting (e.g. wiping down a table/counter top with a rag and spray cleaner), over- 

ground self-paced running, playing catch with a football, self-paced stair climbing – 

ascending and descending, playing soccer (e.g. simulated soccer including one-on-one play 

with shooting, dribbling, defending, and passing), playing basketball (e.g. simulated 

basketball including one-on-one play with shooting, dribbling, defending, and passing; also 

included free-play shooting), stationary cycling at a moderate intensity, self-paced jumping 

jacks). The remaining eight activities were performed during the second lab visit. During 

each lab visit, the respective eight activities were performed twice, once for 60–90 seconds 

and once for 4–5 minutes. Participants selected the order in which they would perform the 

activities. A member of the research staff kept track of time and gave a verbal prompt when 

participants could transition to the next activity. Participants were allowed to start an activity 

when they were ready and were instructed to perform the activities how they would under 

normal conditions based on their interpretation of the activity title.

Each visit, a member of the research team selected eight activities the participant would 

perform. Participants were asked to choose the order of the activities, such that there were 

two non-consecutive bouts of each activity for that day, with one bout lasting 60–90 seconds 

(short bout) and the other lasting 4–5 minutes (long bout). Participants determined when to 

terminate each activity, within the required duration (i.e., 60–90 s for the short bout and 4–5 

min for the long bout). Upon reaching the minimum activity duration (60-s or 4-min) the 

participant was informed by a member of the research team that they could transition to the 

next activity whenever they were ready. If the participant did not transition to a new activity 

before the maximum activity duration (90-s or 5-min) they were asked to transition to the 

next activity at that time. Within activities, a random number generator was used to 

determine whether the long or short bout was performed first. In total, there were 16 activity 

bouts per day (eight activities times two bouts each) for a total of 32 activity bouts.

During each visit, all participants wore a Cosmed K4b2 portable indirect calorimeter as the 

criterion measure of EE. They also wore an Apple Watch 2 approximately 4” proximal to the 

styloid process of the left wrist, a Mymo Activity Tracker approximately 1” lateral of the 

right iliac crest mounted on an elastic belt using the manufacturer supplied clip, and a Misfit 

Shine 2 approximately 2” lateral of the right iliac crest and on the dorsal surface of the right 

shoe using the manufacturer’s clip attachment. Participants were assigned to wear either a 

Fitbit Charge 2 or a Samsung Gearfit2 on the right wrist, approximately 4” proximal to the 

styloid process. The same device combination was worn by the participant during both 

testing visits.

LaMunion et al. Page 3

Appl Physiol Nutr Metab. Author manuscript; available in PMC 2020 May 27.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



This study was part of a larger ongoing study focused on research grade PAMs (ActiGraph, 

activPAL, Axivity, GENEActiv), which were worn simultaneously with the consumer 

PAMs. Thus, for the purpose of this manuscript only the consumer PA monitors are reported 

on and it should be noted that the wrist-worn consumer PAMs were not worn in the 

manufacturer specified wear locations due to being worn in tandem with the research-grade 

monitors that occupied the primary wear location during each trial.

Equipment

The Cosmed K4b2 (Cosmed S.r.l., Rome, Italy) is a portable metabolic unit that measures 

oxygen (O2) consumption and carbon dioxide (CO2) production using a breath-by-breath 

system. The analyzer unit is mounted on the chest with a battery unit mounted on the middle 

to upper back using a manufacturer specific harness. A sampling line connects to a small 

turbine fixed on a sealed face mask to transport gas samples to the unit for analysis. This 

device has previously been validated against the gold standard Douglas bag method for 

measuring O2 consumption, CO2 production, and ventilation (McLaughlin et al. 2001). Prior 

to each testing session, the Cosmed K4b2 was calibrated, which included: 1) a room air 

calibration, 2) a reference gas calibration using a mixture of 15.93% O2 and 4.92% CO2, 3) 

a volume calibration with a 3-L syringe, and 4) a delay calibration. All calibration 

procedures were performed according to manufacturer’s specifications (Cosmed).

Each consumer PAM has a smartphone application or website that can be used during the 

setup process (i.e., inputting demographic information used by the algorithms) and the data 

retrieval process (i.e., recording EE values at the start and end of the trial). Although the 

electronic interface for each PAM is unique, they typically request date of birth, gender, 

height, and weight of the user. All device profiles were updated before each trial using the 

participant’s demographic information. All consumer monitors were Bluetooth paired to an 

Apple iPhone 5s, except the Samsung Gearfit2, which was paired to a Samsung Galaxy S6. 

Prior to the start of each testing session, after entering participant data, initial starting EE 

values were recorded. Immediately following the end of the trial devices were synced and 

final EE values were retrieved. Table 1 provides device specific information and technical 

specifications available from the manufacturers for each consumer monitor. Please note that 

the Apple Watch 2 reports active calories (only during movement) and total daily calorie 

values. Both EE estimates are available in the Apple Activity App on the iPhone but only 

active calories are available in the native Apple Health App and on the Apple Watch. For the 

purposes of this study, only active calorie estimates are evaluated for the Apple Watch Series 

2. Due to no explicit definition from Apple, the active calorie EE estimate is treated as a net 

EE estimate from all active time (i.e. all activities except supine rest, reclining, computer 

gaming, internet use, and book reading).

Data Processing

After each visit, the Cosmed K4b2 breath-by-breath (BxB) data were exported from the 

Cosmed software in BxB and 30-s epoch formats and used as the criterion measure for EE 

(kcals). The K4b2 was timestamped using a Windows system clock to obtain the exact start 

time for each testing day and EE was analyzed for the entire testing day, including 

transitions between activities. To calculate criterion gross EE from the K4b2, each 30-s 
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epoch of VO2 data (ml·min−1) was divided by 1000 to get VO2 in L/min, then multiplied by 

4.867 kcals/L to get kcals·min−1, and then divided by 2 to get a representative kcal/30-s 

value for each epoch. The kcal/30-s values were summed to get gross EE of the testing day. 

For the consumer PAMs gross EE for each day was obtained by subtracting the starting EE 

from the ending EE.

For comparison to the Apple Watch 2 active calories, net active kcals were calculated. In 

order to retain as much active EE data as possible, K4b2 BxB data (VO2 in ml/min) were 

used in place of 30-s epochs since activities did not start and stop on the minute or half 

minute. Thus, the breath-by-breath data were first timestamped with activity codes and then 

all data points with a sedentary activity label (i.e. supine rest, reclining, computer gaming, 

internet use, and book reading) were removed leaving only active minutes and transition 

periods. To calculate kcals per breath, K4b2 BxB data were divided by 1000 to get VO2 in L/

min, multiplied by 4.867 kcals/L to get kcals·min−1, and then multiplied by the length of that 

breath in seconds divided by 60 seconds. These kcals/breath values were summed to get 

gross EE for the entire active bout length. Basal metabolic rate (BMR; kcals/day) was 

predicted using the Schofield equations (Food and Agriculture Organization of the United 

Nations 2004; Schofield 1985). BMR in kcals/day was divided by 1440 minutes to get 

kcals·min−1, then multiplied by the total active minutes. Total bout BMR (active time only) 

was then subtracted from total gross K4b2 EE (active time only) to get net active EE for the 

testing day. For Apple Watch 2, net active EE for each day was obtained by subtracting the 

starting EE from the ending EE from the active time.

To summarize the EE data from each PAM, EE data for both the K4b2 and each consumer 

monitor were summed across both visits to get a total EE value representative of both testing 

days. Since activities were not performed in the same order on the same day, only 

participants that completed both visits were included in the final sample to prevent 

unbalanced inclusion of some activities over others. The total EE across both testing days 

was used for the subsequent analysis. Net active EE was used for the Apple Watch 2, all 

other consumer PAMs used gross EE estimates.

Statistical Analysis

Analyses were conducted jointly using IBM SPSS statistical software version 24 (IBM 

Corporation, Armonk, NY) and R statistical software. Data are presented as mean (SD). 

Participants were excluded from final analyses for: 1) not completing 2 visits (n = 7) or 2) 

declining to wear the K4b2 on one or both visits (n = 4). Of the remaining 89 participants, 

there were additional synchronization errors for the consumer PAMs resulting in exclusion 

of participants that wore the Apple Watch 2 (n = 23), Fitbit Charge 2 (n = 10), Samsung 

Gearfit2 (n = 17), Misfit Shine 2 – Hip (n = 68), Misfit Shine 2 – Shoe (n = 70), and Mymo 

(n = 21). Thus, the final analytic sample for each device was: Apple Watch 2 (n = 64), Fitbit 

Charge 2 (n = 38), Samsung Gearfit2 (n = 23), Misfit Shine 2 – Hip (n = 21), Misfit Shine 2 

– Shoe (n = 19), and Mymo (n = 65). Due to the unequal sample sizes, each device was 

examined separately.

Three analyses were done for each consumer PAM: 1) paired samples t-test comparing the 

estimated EE of each consumer PAM and measured EE from the K4b2, 2) a 2×2 ANOVA 
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(EE estimate × age group [dichotomized by 6–12 and 13–18 years old, and 3) a 2×2 

ANOVA (EE estimate × sex). Performance was further assessed using Bland-Altman plots 

and mean absolute percent error (MAPE). Significance was set at alpha = 0.05.

Results

Physical characteristics of participants are shown in Table 2. Across both days of 

measurement, participants wore PAMs for a mean of 142 minutes. The Mymo was the only 

consumer PAM to not be significantly different from the K4b2 (F = 0.07; p = 0.764) (Table 

3). For net EE, the Apple Watch 2 significantly underestimated measured net active EE by 

45.6%. For gross EE, the Fitbit Charge 2 significantly overestimated measured gross EE by 

32.2% while the Misfit Shine 2 – Hip, Misfit Shine 2 – Shoe, and Samsung Gearfit2 

significantly underestimated measured gross EE by 12.3–29.8%. There were no statistically 

significant interactions for EE × sex (p > 0.05) and only the Mymo had a statistically 

significant interactions for EE × age (F = 19.22; p < 0.001). The Mymo overestimated gross 

EE by 119.9 kcals (31.4%) for the 6–12 year age group and underestimated gross EE by 

32.7 kcals (7.2%) for the 13–18 year group. MAPEs ranged from 16.8% (Misfit Hip) to 

49.9% (Mymo) (Figure 1).

The Bland-Altman plots (Figure 2) showed mean biases ranging from −137.7 kcals (Fitbit) 

to 143.2 kcals (Samsung) for total kcals. The Apple Watch which reports net active kcals 

had the highest mean bias 174.7 kcals of all consumer PAMs. Conversely, the Apple Watch 

2 had the narrowest 95% limits of agreement (98.1 – 251.2 kcals) of all wrist-worn 

consumer PAMs examined. The Mymo had the lowest mean bias of −15.9 kcals but had the 

second widest 95% limits of agreement (−272.6, 240.7 kcals) behind only the Fitbit Charge 

2 (−470.1, 194.8 kcals), indicating large individual error. Additionally, the wrist-worn 

consumer PAMs had considerably higher mean biases (all > 140 kcals) compared to the hip- 

and shoe-worn devices (all < 70 kcals). Both the hip- and shoe-worn Misfit Shine 2 devices 

had relatively low mean biases (55.9 and 63.5 kcals, respectively), as well as comparatively 

low limits of agreement, indicating comparatively low group- and individual-level error.

Discussion

To our knowledge, this is the first study to examine estimates of EE from consumer PAMs in 

youth. The primary finding from this study is that estimated EE from all consumer PAMs 

were significantly different from measured EE in youth, except for the Mymo. Additionally, 

of interest, hip- and shoe-worn devices tended to have lower group-level error compared to 

wrist-worn devices as mean biases were consistently lower at non-wrist attachment sites. 

However, all the consumer PAMs had large individual error, with the highest MAPE coming 

from the hip worn Mymo.

Due to a lack of studies in youth, comparisons from the current study are limited to studies 

in adult populations. Several studies in adults have used similar semi-structured laboratory-

based protocols to examine bout-level estimated EE from consumer PAMs. Of these studies, 

all reported lower MAPEs than what were found in the current study. It should also be noted 

that many of these studies used previous generations of the PAMs used in the current study, 
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however it is unclear if or when wearable manufacturers update EE prediction algorithms 

when new models are released. In general, Fitbit and Apple Watch devices had MAPEs 

ranging from 17%−36% in adults, (Bai et al. 2016; Chowdhury et al. 2017; Nelson et al. 

2016) compared to MAPEs of >39% in the present study. Paired with the high mean biases 

and wide 95% limits of agreement it is clear that there is high group- and individual-level 

error for the Fitbit and Apple Watch models used in the present study. The Misfit Shine in 

adults has previously been shown to have a MAPE of 30%, (Chowdhury et al. 2017; Nelson 

et al. 2016), however in the current study MAPEs for the hip and shoe worn Misfit Shine 2 

were <18%, the lowest of all consumer PAMs examined. Additionally, both the hip- and 

shoe-worn Misfit devices had low mean biases and comparatively narrow limits of 

agreement in the present study indicating overall these devices had low group- and 

individual-level error. It should be noted that this may be due to the relatively small sample 

size for these devices. There are no previous studies that have examined the Mymo or 

Samsung GearFit2 for estimating EE, however performance was similar to the other 

consumer PAMs examined in the current study.

One finding worth noting is that the present study reaffirms previous findings in adults that 

errors for estimating EE using consumer PAMs is generally greater when devices are worn 

on the wrist compared to the hip (Lee et al. 2014). The current study showed similar trends 

with greater mean biases for the wrist-worn devices compared to the hip-worn devices. 

However, the mean biases for the wrist-worn consumer PAMs in the current study were 

greater than mean biases reported using wrist-worn consumer PAMs in previous studies in 

adults (Bai et al. 2016; Chowdhury et al. 2017). This may be attributable to the more 

sporadic and intermittent movement patterns of youth compared to adults. Additional 

consideration should be given to algorithms used by each consumer PAM. It is unclear what 

data the algorithms use to make EE predictions and it is possible that a single attachment 

site-agnostic algorithm is used for all devices produced by a given manufacturer which could 

lead to high individual-level error at some attachment sites such as the wrist if the algorithm 

is not developed and optimized for the wrist. Conversely, it is also possible that a given 

manufacturer may have site-specific algorithms (e.g. hip and wrist) depending on the model 

and the specified attachment site which should theoretically improve the EE estimates and 

lower individual-level error within an attachment site. This evidence supports using caution 

when examining consumer PAM validation studies and to take device attachment site into 

account when interpreting validation studies in adults.

A recent meta-analysis by O’Driscoll et al. (O’Driscoll et al. 2018) examined the ability of 

consumer PAMs to estimate EE in adults. A total of 104 effect sizes were examined across 

40 different devices. Several devices reported in the meta-analysis were the same or similar 

generation to monitors used in the present study. Specifically, The Apple Watch Series 2, 

Samsung Gear, and Misfit Shine were all found to underestimated EE in adults, which was 

consistent with performance of these consumer PAMs in the current youth study. In contrast, 

the Fitbit Charge 2 was found to underestimated EE in adults, while in the current youth 

study the Fitbit Charge 2 significantly overestimated EE. Taken together, the findings from 

previous consumer PAM studies in adults and the current youth study, show that in general 

the PAMs tend to over- or under-estimate EE in the same direction at a group level. 

However, the individual errors for consumer PAM estimates of EE tend to be lower in the 

LaMunion et al. Page 7

Appl Physiol Nutr Metab. Author manuscript; available in PMC 2020 May 27.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



adult studies compared to the current youth study and supports the need for independent 

validations of consumer PAMs in youth.

While these devices may not be extensively used in the research community, there are 

several points to be made regarding the usability and interfacing of consumer PAMs for 

those that do use them for research purposes or are considering implementing consumer 

PAMs in their research. One challenge in consumer PAM validation studies is that the 

devices are designed to be worn by a single user. Error can occur from having to switch 

profile information between research trials if the devices are not carefully synced. For the 

Apple Watch Series 2 the smartphone functionality is divided between the “Watch” 

application, the native Apple “Health” application, and the “Activity” application. This 

distributed functionality can create confusion for the user and make validation research more 

challenging to carry out, hence the large number of synchronization errors with this device. 

However, the watch interface provides access to summary values in a single location, a user-

friendly feature if only the watch is needed to record metrics of interest. An additional 

challenge with the Apple Watch is the lack of transparency about how “active” calories are 

being defined. This creates confusion about how to classify and compare the single summary 

EE value when conducting validation studies of the metrics consumers are using. Similarly, 

the Samsung GearFit2 has usability challenges of its own, where functionality is divided 

between the native Samsung “sHealth” and the “Gear” applications. Fortunately, for both 

devices, once user profile information is updated and devices are synced, data can be viewed 

on the smartwatch screen. However, it is not always clear whether the smartwatch screen and 

the application interface display the same values, nor is it clear which one should be 

recorded.

A limitation of most Fitbit models is that users cannot create an account if they are under the 

age of 13 years old. This can create an issue when editing the device profile for users under 

the age of 13. Fitbit recently released a youth-specific wrist-worn model called the Fitbit 

Ace. This device is designed for use in youth ages 8 years and older and features 

functionality and aesthetic similar to that of the Fitbit Alta but does not report EE; only 

steps, sleep, and active minutes (the accumulation of activity across the day to see if the user 

can reach the recommended 60 or more minutes of MVPA). Along with the release of the 

new device comes a “parent view” in the smartphone application. This allows the parent or 

guardian to setup and monitor the profile for youth users. Youth users are able to access their 

data through the “kid view” feature, a secure view that can only be edited by the primary 

account holder in parent view.

Misfit allows users to purchase multiple devices and wear them at different attachment sites 

simultaneously. However, this creates a problem if all devices are synced to the same 

account. The estimates given by the devices will be linked to the last device synced and its 

associated attachment site, so even when wearing multiple devices at different attachment 

sites, all estimates come out to be approximately the same. This became evident in the 

current study when syncing devices from multiple attachment sites to the same participant 

account and obtaining the same EE estimates from the devices, regardless of attachment site. 

This can be overcome by creating separate user accounts for each device being worn and 

syncing separately. When connected to separate user accounts, different estimates for each 
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attachment site were seen, as was expected. This issue was not recognized until more than 

two-thirds through completion of the study resulting in fewer cases for the Misfit Shine 2 

compared to other consumer PAMs. However, once this issue was resolved and the new 

system established there was minimal data loss due to synchronization errors.

The Mymo is a PAM advertised as being suitable for researchers. It is primarily used as part 

of a suite of medical and clinical tools and resources. Thus, a challenge with the Mymo is 

that it is difficult to purchase individual monitors, and the electronic interface is 

underdeveloped. The lack of a screen on the device makes regular syncing a requirement to 

track activity and retrieve metrics of interest. Additionally, user profile information must be 

edited on the device website and cannot be changed within the smartphone application 

limiting overall usability and functionality.

The main strengths of this study include the use of multiple widely-used devices, and the 

comparison to a criterion measure of EE (indirect calorimetry). Other strengths include a 

large sample size, broad age range, and even distribution of boys and girls. Limitations to 

this study include the RMR measurement and the wear location of the consumer PAMs. The 

RMR measurement used in this study was not a true resting measurement since it was done 

mid-day in a non-overnight fasted state. This difference from a standard overnight fasted 

RMR could result in higher than measured expected resting values. Standard practice is to 

wear devices according to manufacturer recommendations. The current study placed wrist-

worn devices in different positions than recommended by the manufacturers, which could 

impact EE estimates. The magnitude to which EE estimates may be influenced by the 

change in placement is unknown but must be disclosed. As previously mentioned, due to the 

proprietary nature of these devices it is difficult to speculate how the estimates of EE are 

made and know where errors might occur. Intuitively, changing the placement of the device 

further up the limb as done in the present study, would change the acceleration experienced 

by the device and thus could make a difference in the magnitude of sensor signal (e.g. 

dampening the response) and the subsequent estimates made using that sensor data. Future 

research should focus on quantifying differences that may occur by placing monitors in 

attachment sites outside of what is recommended by manufacturers as the case for wearing 

multiple devices simultaneously at a single attachment site may occur again in research 

settings. An additional limitation is that the most current models of all the devices was not 

examined. This is problematic for ongoing research protocols as device manufacturers 

routinely release new models; however, most of the new models provide updates to 

functionality, hardware, software features, etc. It is not clear if manufacturers update EE 

prediction algorithms with each model release but based on some consistency with previous 

adult studies using older models then used in the current study it does not appear the EE 

predictions are routinely updated when new firmware is released. Future work should 

investigate multiple generations of the same device to examine if there are changes in the EE 

predictions.

Conclusions

In youth, consumer PAMs have large group- and individual-level errors for estimating EE, 

compared to measured EE, thus they should be used with caution. While similar trends in 

LaMunion et al. Page 9

Appl Physiol Nutr Metab. Author manuscript; available in PMC 2020 May 27.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



youth-specific EE estimates were seen in this study, compared to previous studies in adults, 

both group level and individual error was greater in youth further indicating the need for 

independent validations in each population. Validation studies should be continuously 

conducted as the cycle of technological advancement results in the annual release of new 

generations of consumer PAMs.
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Figure 1. 
Mean absolute percent error (MAPE) for each consumer physical activity monitor during an 

average of 148 minutes of assessment. (Apple Watch 2 is net EE; all other monitors are 

gross EE).
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Figure 2. 
Bland-Altman plots depicting error scores (measured minus estimation) for energy 

expenditure (EE) estimates made using consumer physical activity monitors compared to 

criterion measured Cosmed K4b2 EE: A) Apple Watch 2 (net active EE), B) Fitbit Charge 2, 

C) Samsung GearFit2, D) Misfit Shine 2 – Hip, E) Misfit Shine 2 – Shoe, F) Mymo Activity 

Tracker.

LaMunion et al. Page 13

Appl Physiol Nutr Metab. Author manuscript; available in PMC 2020 May 27.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

LaMunion et al. Page 14

Ta
b

le
 1

.

C
on

su
m

er
 m

on
ito

r 
de

vi
ce

 in
fo

rm
at

io
n 

an
d 

te
ch

ni
ca

l s
pe

ci
fi

ca
tio

ns
.

A
pp

le
 W

at
ch

 S
er

ie
s 

2
F

it
bi

t 
C

ha
rg

e 
2

M
is

fi
t 

Sh
in

e 
2

M
ym

o
Sa

m
su

ng
 G

ea
rF

it
2

W
eb

si
te

ht
tp

s:
//w

w
w

.a
pp

le
.c

om
/w

at
ch

/
ht

tp
s:

//w
w

w
.f

itb
it.

co
m

/c
ha

rg
e2

ht
tp

s:
//m

is
fi

t.c
om

/m
is

fi
t-

sh
in

e-
2

ht
tp

s:
//t

up
el

ol
if

e.
co

m
ht

tp
s:

//w
w

w
.s

am
su

ng
.c

om
/g

lo
ba

l/
ga

la
xy

/g
ea

r-
fi

t2
/

C
os

t 
(U

SD
)

$3
69

+
$1

50
$1

00
$1

25
$1

80

Sm
ar

tp
ho

ne
/W

eb
 A

pp
lic

at
io

n
A

pp
le

 H
ea

lth
 (

na
tiv

e)
Fi

tb
it

M
is

fi
t

T
up

el
ol

if
e

SH
ea

lth
 (

na
tiv

e)

Se
ns

or
s

 
A

cc
el

er
om

et
er

✓
✓

✓
✓

✓

 
G

yr
os

co
pe

✓
✓

 
H

ea
rt

 R
at

e 
M

on
ito

r
✓

✓
✓

 
B

ui
lt-

in
 G

PS
✓

✓

 
M

ag
ne

to
m

et
er

✓

 
A

lti
m

et
er

✓

 
B

ar
om

et
er

✓

 
Sl

ee
p 

T
ra

ck
in

g
✓

✓

D
ev

ic
e 

Sp
ec

s 
fr

om
 M

an
uf

ac
tu

re
r

 
W

at
er

 R
es

is
ta

nc
e

50
m

Sp
la

sh
 p

ro
of

50
m

1.
5m

 
B

at
te

ry
 L

if
e

~1
8 

ho
ur

s
~5

 d
ay

s
up

 to
 6

 m
on

th
s

up
 to

 6
 m

on
th

s
3–

4 
da

ys

 
B

at
te

ry
 T

yp
e

re
ch

ar
ge

ab
le

re
ch

ar
ge

ab
le

co
in

 c
el

l -
C

R
20

32
co

in
 c

el
l-

C
R

20
32

re
ch

ar
ge

ab
le

 
Sy

nc
 T

ec
hn

ol
og

y
B

lu
et

oo
th

B
lu

et
oo

th
B

lu
et

oo
th

B
lu

et
oo

th
B

lu
et

oo
th

 
C

om
pa

tib
ili

ty
iO

S
iO

S,
 A

nd
ro

id
iO

S,
 A

nd
ro

id
iO

S,
 A

nd
ro

id
A

nd
ro

id

 
D

is
pl

ay
✓

✓
✓

 
A

tta
ch

m
en

t S
ite

s
W

ri
st

W
ri

st
H

ip
, W

ri
st

, S
ho

e,
 P

oc
ke

t, 
N

ec
kl

ac
e

H
ip

W
ri

st

D
ev

ic
e 

M
et

ri
cs

 
E

ne
rg

y 
E

xp
en

di
tu

re
 (

kc
al

s)
N

et
 A

ct
iv

e 
C

al
or

ie
s

G
ro

ss
 T

ot
al

 C
al

or
ie

s
G

ro
ss

G
ro

ss
G

ro
ss

G
ro

ss

 
St

ep
s

27
13

✓
✓

✓
✓

 
D

is
ta

nc
e

✓
✓

✓
✓

 
M

in
ut

es
 o

f 
Ph

ys
ic

al
 A

ct
iv

ity
✓

✓
✓

 
Fl

ig
ht

s 
of

 S
ta

ir
s

✓
✓

 
Pr

op
ri

et
ar

y 
M

et
ri

c
Po

in
ts

Appl Physiol Nutr Metab. Author manuscript; available in PMC 2020 May 27.

https://www.apple.com/watch/
https://www.fitbit.com/charge2
https://misfit.com/misfit-shine-2
https://misfit.com/misfit-shine-2
https://tupelolife.com
https://www.samsung.com/global/galaxy/gear-fit2/
https://www.samsung.com/global/galaxy/gear-fit2/


A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

LaMunion et al. Page 15

Table 2.

Physical characteristics of participants

6 – 12 years old 13 – 18 years old All Participants

(n = 50) (n = 39) (N = 89)

Age (years; mean (SD)) 9.7 (2.1) 15.6 (1.3) 12.3 (3.4)

Female (n (%)) 25 (50.0%) 20 (51.3%) 45 (50.6%)

Height (cm; mean (SD)) 139.4 (14.7) 167.0 (9.3) 151.5 (18.7)

Weight (kg; mean (SD)) 33.6 (9.8) 61.0 (14.9) 45.6 (18.3)

BMI classification (n (%))

 < 5th percentile 3 (6.0%) 1 (2.6%) 4 (4.5%)

 5th - < 85th percentile 41 (82.0%) 31 (79.5%) 72 (80.9%)

 85th - < 95th percentile 6 (12.0%) 2 (5.1%) 8 (9.0%)

 ≥ 95th percentile 0 (0.0%) 5 (12.8%) 5 (5.6%)
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