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Abstract

Background: Smartwatches have gained popularity for their potential to provide accurate measurements of various physio-
logical parameters. However, the validity of energy expenditure (EE) across different smartwatch models remains a topic
of ongoing investigation. Discrepancies between results obtained from different models and gold standard methods are
particularly critical across varying exercise intensities and types, as validation studies have demonstrated overestimation when
wearable activity monitors are compared with indirect calorimetry.

Objective: This study investigated the accuracy of 2 versions of the Samsung smartwatch (Galaxy Watch [GW] 6 and 7) in
measuring EE during intermittent moderate-intensity running exercises, using indirect calorimetry as the gold standard method.

Methods: This study included 148 healthy adults, comprising 80 men and 68 women. Participants performed intermittent
treadmill running, consisting of walking at 5 km-h™! for 1 minute and running between 8 and 16 km-h™! for 2 minutes, based
on participant preference, for a total duration of 27 minutes. The GW6 and GW7 models were used and EE was measured
by indirect calorimetry using a wearable portable metabolic gas analysis system (K5; Cosmed), which is considered a gold
standard method.

Results: No statistically significant differences were found between the GW models and the K5. The K5 showed a mean
EE of 213.60 (SD 43.04) kilocalories, compared with 219.53 (SD 35.70) kilocalories for the GW6 and 202.67 (SD 47.42)
kilocalories for the GW7 (all P>.05). Good Spearman correlations (0.63-0.70) and moderate intraclass correlation coefficients
(0.65-0.74) were found. Mean absolute percentage error values ranged from 10.10% to 12.55%. Bland-Altman analysis
revealed limits of agreement for all comparisons (K5 vs GW6 and GW7, —61.93 to 65.80 kcal).

Conclusions: The GW6 and GW7 devices showed moderate validity for estimating EE during intermittent running exercises,
demonstrating the suitability of the GW as a low-cost and practical wearable option for daily physical activities.
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Introduction and ability to provide real-time data. Among these devi-
ces, smartwatches have gained popularity for their poten-
tial to offer accurate measurements of various physiological
parameters, including heart rate, step count, and EE [1,2].
However, the validity and reliability of EE across different
smartwatch models remain a topic of ongoing investigation.

The accurate measurement of energy expenditure (EE) during
physical activity is essential for both research and practical
applications in sports science, fitness, and health monitoring.
Wearable technology, such as smartwatches, has become
increasingly popular due to its convenience, ease of use,
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Recent advances in sensor technology and algorithm
development have enabled smartwatches to estimate EE by
combining data from accelerometers, heart rate monitors,
and other sensors. Despite these advancements, questions
persist regarding the accuracy of these devices compared
with established gold standard methods, such as indirect
calorimetry and doubly labeled water techniques [1,3,4]. This
discrepancy is particularly critical across varying exercise
intensities and types, where the accuracy of EE estimation
may fluctuate. Validation studies have demonstrated that
wearable activity monitors tend to overestimate EE when
compared with indirect calorimetry [5-7], highlighting the
need for accurate EE estimation to ensure effective fitness
monitoring and possible research applicability.

Interdevice reliability differences in EE estimation were
observed between Fitbit (Google LLC) smartwatch models
depending on the type of exercise performed, with intra-
class correlation coefficients (ICCs) ranging from 0.48 for
jogging to 0.97 for walking. These values were compared
with indirect calorimetry, which had ICCs ranging from 0.58
to 0.89 [6]. Le et al [1] evaluated the validity of the Apple
Watch Series 6, Garmin FENIX 6, and Huawei Watch GT
2e for estimating EE during outdoor walking and running
among young, lean Chinese adults. For walking and running
activities, compared with indirect calorimetry, the Huawei
Watch GT 2e demonstrated lower mean absolute percentage
error (MAPE) values for EE estimation (9.9% and 11.9%,
respectively), whereas Apple (19.8% and 24.4%, respec-
tively) and Garmin (32% and 21.8%, respectively) showed
higher MAPE values. For ICCs, higher values were observed
for the Apple Watch during walking and running (0.821 and
0.74, respectively), followed by Huawei (0.760 and 0.698,
respectively) and Garmin (0.216 and 0.594, respectively).

The Polar Grit X Pro smartwatch was considered valid
for EE estimation across military training exercises (ICC,
0.8) when compared with indirect calorimetry assessment
[3]. Similarly, Roos et al [8] analyzed the validity of 3
different smartwatches compared with indirect calorimetry at
2 different running intensities. The results showed that the
accuracy of the smartwatches was intensity-dependent when
compared at 30%, 50%, 70%, 90%, and 110% of the velocity
associated with peak oxygen consumption (VO3 peax), With
MAPE values ranging from 10.9% to 49.3% and the greatest
variation observed at 110% of VO3 peak between smartwatch
estimates and criterion measurements.

Limitations in smartwatch validation research include the
absence of regulatory standards [4], small sample sizes [I,
3], heterogeneity of methods [3-5], and “black box” varia-
bles, such as algorithms and sensor updates. As demonstra-
ted in previous studies, the accuracy of EE estimation and
the heterogeneity of results across devices underscore the
need for comprehensive validation methodologies, appropri-
ate statistical approaches [3,5,8], and larger sample sizes [I,
3].

The validity and accuracy of EE metrics provided by
smartwatches are critical, as they are frequently used as
decision-making data for physical activity and control of
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caloric intake [4,5]. In addition, the literature lacks three
critical elements of smartwatch EE validity: (1) validity of
EE measures in intermittent running activities, (2) accuracy
across different models of the same smartwatch, and (3)
more representative and larger sample sizes. Moreover, the
validity of smartwatches is company- and model-dependent,
as different companies tend to use distinct algorithms by
patent issues, and the software may be upgraded in subse-
quent versions. In this context, it is important to conduct
validity studies among growing companies in the health
technology segment, such as Samsung, which has released
at least 7 generations of smartwatches aimed at the health
market.

This study aimed to evaluate the accuracy of 2 models of
Samsung Galaxy Watch (GW; GW6 and GW7) in measur-
ing EE during exercise, using gold standard methods as a
reference (indirect calorimetry), during intermittent moderate-
intensity running exercises. By assessing the performance of
these devices, this study aimed to provide insights into their
utility for both scientific research and everyday use among
individuals seeking to monitor their health and fitness levels.

Methods

Study Design

This was a cross-sectional, within-subject study designed
to compare estimated EE from 2 models of the Samsung
GW (the GW6 and the GW7) with criterion measures of
EE obtained using a wearable metabolic gas analyzer (KS5;
Cosmed) during intermittent running. Reporting followed
the Guidelines for Reporting Reliability and Agreement
Studies [9]. Three K5 gas analyzers were used to perform
the measurements. Before any treadmill activity began, all
participants were screened by a physician and a treadmill
stress test was performed with a 12-lead electrocardiogram.
After screening on a separate day, participants attended
the laboratory to perform the tests. Skin color was meas-
ured using a Mexameter MX18 spectrophotometer (Cour-
age+Khazaka electronic GmbH) and categorized between 1
and 6 following the Fitzpatrick Classification scale [10].
The exercise protocol consisted of intermittent walking and
running.

Participants

This study recruited 148 healthy adults, comprising 80 men
and 68 women. The participants were physically active and
engaged in at least 150 minutes of moderate-intensity activity
and/or 75 minutes of vigorous activity per week. Inclusion
criteria were (1) being physically active, defined as engag-
ing in at least 150 minutes of light- to moderate-intensity
exercise, and (2) being aged 18 to 59 years. Exclusion criteria
were (1) musculoskeletal injuries of the lower limbs, (2)
cardiovascular or lung diseases, and (3) use of medications
that impact heart rate response, such as beta blockers.

Ethical Considerations

All participants were informed about the study procedures
and provided written informed consent. This study was
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conducted in accordance with the ethical principles contained
in the Declaration of Helsinki and complied with national
regulations governing research involving human participants
(466/12 of the National Health Council). The experimental
procedures followed established ethical standards and were
approved by the Investiga - Institutos de Pesquisa ethics
committee (CAE 62031722.4.0000.5599). The privacy and
confidentiality of all research participants and their data and
identities were maintained throughout the study. All personal
identifiers were removed from the dataset, and data were
anonymized to ensure compliance with ethical standards.
Access to the data was restricted to the research team, and
all data were stored securely in accordance with institutional
guidelines. In accordance with the legal regulations of our
country, participants in this study did not receive monetary
compensation. However, they were provided with reimburse-
ment for transportation and meal expenses as a token of
appreciation for their time and contributions.

Exercise Protocol

To test the validity of the GW6 and the GW7 under
standardized laboratory conditions, participants performed
an activity of intermittent walking and running for a total
duration of 27 minutes, consisting of walking at 5 km-h™
and running between 8 and 16 km-h’!, based on the partic-
ipant’s preference, on a commercial treadmill (Star Trac,
E-TRxe). The protocol consisted of a 2-minute walking
warm-up, followed by 7 repetitions of 2 minutes of running
and 1 minute of walking, and concluded with an additional 4
minutes of walking recovery (27 min total).

Criterion Measure

The K5 portable metabolic cart was used as the criterion
method for estimating EE. This device is considered a valid
and reliable system for measuring metabolic variables [I,
11]. Device set up, calibration, and data extraction were
conducted via OMNIA Metabolic software (version 1.6.10)
(Cosmed). For the calculation of EE, oxygen uptake (VO5)
was measured continuously, breath by breath, throughout
the entire 27-minute protocol. Two pieces of K5 equipment
were used for the data collection. Before each session, all
K5 equipment was calibrated according to the manufacturer’s
instructions.

Wearable Activity Monitors

Two GW models (GW6 and GW7) were used and connected
to a smartphone (A22; Samsung Electronics), and all EE data
was exported using the Samsung Health app. In cases in
which activity data required trimming, full health data were
exported via the Samsung Health app, and the raw CSV file
was imported into Microsoft Excel (version 2310) for further
analysis and cleaning. Participants’ weight, height, date of
birth, and wrist orientation were entered into each watch
before the activity protocol. The watches were positioned on
the left arm, just above the wrist (2 cm above the ulnar styloid
process), as per manufacturer instructions. The GWs were set
to record the activity protocol as a workout, with watches
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being started and stopped at the beginning and at the end of
the activity. The GWs were set to the “treadmill” mode.

Statistical Analysis

The sample size was estimated a posteriori using a custom
Python script, with an a level of .05 and statistical power of
0.90, identifying a minimum sample size of 29 participants
for the GW6, 18 participants for the GW7, and 21 participants
for both GW models. The power calculated using the actual
sample size was 1.0 for all comparisons. Additionally, the
sample size was considered adequate based on the recom-
mendations of Chevance et al [12], who consider sample
sizes of more than 50 participants to be reasonably large.
Moreover, the sample size in this study was larger than that
of previous comparable studies of wrist-worn health-tracking
devices, in which participant numbers ranged from 11 to 60
[1,3,8,13,14]. Data distribution was inspected, and outliers
were identified using boxplot analysis and removed if they
exceeded the standard error limits. The lower limit was
defined as the first quartile minus 1.5 x the interquartile
range (IQR), and the upper limit was defined as the third
quartile plus 1.5 x the IQR. Data normality was verified by
the Shapiro-Wilk test.

Two-sided paired ¢ tests were used to compare the K5 with
the GW6, the K5 with the GW7, and the K5 with the GW6
and GW7. Significant differences (P<.05) were interpreted
using Cohen d effect sizes, with the threshold defined as
trivial (<0.20), small (0.20-0.59), moderate (0.60-1.19), large
(1.20-1.99), and very large (2.00-4.00) [15]. To evaluate
systematic differences, correlation, precision, and agreement
between the wearables and the criterion measure, MAPE
(calculated as [actual — predicted]/actual x 100), ICC (2-way
random-effects model, absolute agreement, single measure-
ment), Spearman correlation, and Bland-Altman analysis
were performed.

The MAPE value was interpreted as poor (=20%),
moderate (10.1%-19.9%), good (3.1%-10.0%), and excel-
lent (0%-3%) [1,14,16]. Spearman correlation coefficients
were interpreted as negligible (0.00-0.09), weak (0.10-0.39),
moderate (0.40-0.69), strong (0.7-0.89), and very strong
(0.90-1.00) [17]. Finally, ICC values were interpreted as
poor (<0.50), moderate (0.50-0.74), good (0.75-0.89), and
excellent (=0.90) [18].

Statistical analyses were performed using JASP software
(version 0.18.3; JASP Team) and a custom Microsoft Excel
(version 2506) spreadsheet [19]. Statistical significance was
set at P<.05 (2-tailed). Based on the current literature, results
were considered valid when values were at least moderate for
ICCs, Spearman correlation, and MAPE.

Results

Participants had a mean age of 29.98 (SD 9.01) years, a
mean height of 1.65 (SD 0.09) meters, a mean body mass of
65.53 (SD 11.18) kilograms, and a mean skin pigmentation
score of 3.60 (SD 1.11) according to the Fitzpatrick classifi-
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cation scale. Energy expenditure during intermittent running
is shown in Table 1.
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Table 1. Energy expenditure during intermittent running with the Galaxy Watch (GW), measured with the Cosmed K5 metabolic gas analyzer.

Devices (N=148)

Energy expenditure (kcal), mean (SD)

95% CI

K5_GW6 (n=79)
K5_GWT7 (n=69)

218.63 (39.70)
207.84 (46.20)

K5_All (n=148) 213.60% (43.04)
GW6 (n=79) 219.53 (35.70)
GW7 (n=69) 202.67% (47 42)

GW_AIl (n=148) 211.67 (42.28)

227.52-209.74
218.94-196.74
220.59-206.61
227.53-211.54

214.06-191.28
218.54-204.80

AStatistical significance for the Shapiro-Wilk test (P<.05).

Table 2 shows systematic differences, correlations, and
measure of precision. For systematic differences, a paired ¢
test was conducted to compare EE values between the K5 and
the GW6. No statistically significant differences were found
between the K5 versus the GW6, the K5 and GW7, or the K5
and the combined GW6 and GW7 (GW6+GW7). Spearman

correlation indicated moderate associations between the K5
and GW6 and between the K5 and the combined GW6 and
GW7, and a strong association between the K5 and GW7.
Moreover, moderate ICC and MAPE values were found for
all comparisons.

Table 2. Spearman correlation (SC), intraclass correlation (ICC), and mean absolute percentage error (MAPE) of energy expenditure during

intermittent running with the Galaxy Watch (GW) and Cosmed K5 metabolic gas analyzer.

Devices (criterion, practical) SC (95% CI)

K5, GW6 0.63% (0.47-0.75)
K5, GW7 0.70% (0.55-0.80)
K5_GW6+GW7 0.67% (0.57-0.75)

ICC (95% CI) MAPE, mean (SD)
0.65 (0.55-0.74) 10.10 (9.34)
0.74 (0.66-0.81) 12.55 (8.78)
0.71 (0.62-0.78) 10.86 (9.06)

AStatistical significance for the Spearman correlation at P<.05.

Figure 1 shows Bland-Altman plots with bias and limits
of agreement between criterion and practical measurements,
presented as mean, upper, and lower calorie values.

Figure 1. Bland-Altman LOA between the (A) Cosmed K5 metabolic gas analyzer and GW6, (B) Cosmed K5 metabolic gas analyzer and GW7, and
(C) Cosmed K5 metabolic gas analyzer and GW6 and GW7. GW: Galaxy Watch; LOA: limits of agreement.
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Discussion
Principal Findings

The Samsung GW6 and GW7 models were evaluated for
validity in estimating EE during intermittent, moderate-inten-
sity exercise. The results showed a moderate to strong
correlation and no statistically significant difference in paired
t tests when compared with the gold standard of indirect
calorimetry. Additionally, both the GW6 and GW7 models
achieved a MAPE value of less than 15%, which indicates a
moderate absolute error.
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Existing literature reveals variability in smartwatch
validation results due to differing algorithms, hardware
generations, and study designs. For instance, LaMunion et
al [20] found significant differences between 5 consumer
devices, including 4 smartwatches, when compared with the
Cosmed K4b? portable metabolic gas analysis system during
semistructured daily activities. In contrast, the GW6 and
GW7 models in our study showed moderate validity under
intermittent running conditions compared with the K5 gas
analyzer, likely due to advancements in technology and the
structured exercise protocol used in this study.
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Previous studies have reported EE estimation with mean
ICC values ranging from —0.30 to 0.97 [3,5,6,21], 95% Cls
ranging from —-0.89 to 0.98 [5,6,21,22], and MAPE values
ranging from 1.3% to 114.7% [21-23]. Among the studies,
Wahl et al [21] analyzed 11 different wearable watches
in walking and running protocols at speeds of 4.3, 7.2,
10.1, and 13.0 km'h"!. Mean ICC values greater than 0.70
were observed for only 4 smartwatches, whereas ICC values
greater than 0.50 were observed for 6 smartwatches. Mean
absolute percentage error values ranged from 1.3% to 56.0%.
For ICCs, 17 of 66 measurements were greater than 0.5, and
only 3 of these were obtained under intermittent conditions
(mean ICC range 0.54-0.74). For MAPE, 24 of 66 measure-
ments were less than 10%, and only 5 of these were obtained
under intermittent conditions, ranging from —9.2% to 5.6%.

The moderate ICC and MAPE values for the GW6 and
the GW7 compared with the K5 were considered accepta-
ble indicators of validity, as previously reported [1,5,12,13].
Associations between variables were also assessed using
Spearman correlation, demonstrating moderate values for the
GW6 group and the combined GW6 and GW7 group, and
strong values for the GW7 group. Moreover, the database
comprised both men and women, resulting in a heterogeneous
sample. As expected, heterogeneous samples may influence
accuracy metrics, as smartwatch EE estimates have been
shown to differ across different demographic groups [24].

It is important to highlight that different types of exer-
cises can affect the variability of smartwatch accuracy [1,
21]. The assessment of EE in this study differs from
previous investigations primarily in terms of device perform-
ance and testing conditions. Earlier research has demonstra-
ted generally low validity for consumer wearable activity
monitors in estimating EE (particularly under both con-
stant and intermittent running protocols) [21]. Wahl et al
[21] highlighted consistent overestimation of EE at lower
speeds and underestimation at higher speeds. While not
perfectly valid, the Garmin, Fitbit, and Withings (Withings
SA) wearable watches generally showed better validity with
small to moderate MAPE values (1.3%-21.2%), particularly
at faster velocities (10.1 km-h™ and 13.0 kmh™!) and in
outdoor conditions. Devices such as the Garmin Vivofit,
Garmin Vivosmart, Garmin Vivoactive, Fitbit Charge, and
Fitbit Charge HR exhibited moderate to good ICCs, suggest-
ing a relatively better correlation with the criterion meas-
ure compared with other brands. However, even for these
devices, the limits of agreement were still insufficiently
narrow, indicating considerable variability and imprecision.

For the intermittent protocol, which simulates conditions
in sports such as soccer, the Fitbit Charge, Garmin Vivoac-
tive, Garmin Vivosmart, and Polar Loop showed a rela-
tively small MAPE (<5.6%). However, most other devices,
including the Withings Pulse Ox (wrist or hip), Garmin
Forerunner 920XT, Garmin Vivofit, Beurer AS80, and
Bodymedia Sensewear, primarily underestimated EE during
this dynamic activity. This reinforces the concern that most
commercially available wearable activity monitors lack the
accuracy required to reliably estimate EE in real-world
exercise scenarios, especially among athletes.
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The magnitude of the limits of agreement for these
wearable activity monitors indicates that, although average
error during intermittent running can be small to moderate in
relative terms, individual-level EE estimates can still deviate
by several hundred kilocalories in a typical session, which is
likely too large for precise real-world monitoring, especially
in athletes [21]. During intermittent exercise, rapid changes
in speed, direction, and intensity violate the steady state
assumptions many EE algorithms rely on, leading to larger
MAPE values and wider limits of agreement than during
constant-velocity running [21,25].

When compared with criterion measures, several studies
have demonstrated that wearable activity monitors underesti-
mate EE in both laboratory and outdoor tests [2,8,13,23,26],
demonstrating a mean value of approximately 3 kilocalories
and percentage errors ranging from -21.27% to 14.76%
[23]. Importantly, few studies have analyzed the EE validity
of Samsung smartwatches, with the Samsung Gear models
being the most tested smartwatches [26]. Likewise, Sun et
al [13] identified EE overestimation in the Apple Watch
Series 6 when compared with a breath-by-breath gas analyzer
(MetaMax 3B; CORTEX Biophysik GmbH) across differ-
ent running velocities (6.4-11.2 km-h'"), despite high MAPE
values (—6.61 to 53.24).

One limitation of this study is that only 1 brand of
smartwatch was tested. While this could be seen as a
constraint, it also presents an advantage by allowing for
a direct comparison of technological improvements for a
specific model within the same brand. By examining the
evolution of technology in this specific area, we gain valuable
insights into how advancements have positively impacted
the accuracy of these devices over time. Another limitation
is that the study tested EE measurement during 1 type of
exercise and only in healthy, lean people. This restricts the
scope of our findings, as the accuracy of smartwatch EE
estimates can vary across different forms of physical activity
and physical characteristics. Future research should address
this limitation by evaluating the performance of these devices
across a wider range of populations and exercise modalities,
such as resistance training, high-intensity interval training,
and low-intensity steady-state exercise. This would provide
a more comprehensive understanding of the accuracy of
devices and limitations in various exercise contexts. Another
limitation of this study is that 2 different K5 devices were
used in data collection. Although manufacturer calibration
was performed immediately after the data collection sessions,
no between-device validation was conducted. Future research
should use a single device throughout the data collection
period or perform between-device validation.

Practical Implications

The following points summarize the practical implications of
the present findings.

* Both the GW6 and the GW7 can be used for EE
estimation in intermittent running exercises, providing
valid data for athletes and fitness enthusiasts.

e Advancements in the GW7 highlight the importance
of algorithm and hardware updates and underscore
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the need for continuous development in the wearable
activity monitor industry.

This study helps consumers make more informed
decisions regarding which smartwatch model is best
suited for accurate fitness tracking.

The results of this study set a benchmark for future
validation studies, promoting a more standardized
approach in wearable technology research.

Both the GW6 and GW7 models showed moderate val-
idity for estimating EE during intermittent running exer-
cises. These findings support the growing reliability of
newer smartwatches for EE estimation in structured exercise
settings. Given their relatively low cost and practicality,
GWs emerge as a suitable wearable option for daily physical
activity where EE is of interest.

Conclusions

Acknowledgments

The authors thank all participants who volunteered to take part in the study and the staff who assisted in data collection.
This article is the result of the R&D project Health Data Lab, conducted by the Sidia Institute of Science and Technology
in partnership with Samsung Electronics of the Amazon Ltda, using resources provided under Federal Law No. 8,387/1991.
Its disclosure and publicity comply with the provisions of Article 39 of Decree No. 10,521/2020. No generative artificial
intelligence tools were used in this study.

Funding
This study was funded by Samsung Eletronica da Amazonia Ltda.

Conflicts of Interest

All authors are employees of the Sidia Institute of Science and Technology. The company was not involved in data or sample
collection, analysis, or interpretation of the results. No restrictions were placed on the reporting of findings.

References

1.

10.

11.

12.

13.

Le S, Wang X, Zhang T, et al. Validity of three smartwatches in estimating energy expenditure during outdoor walking
and running. Front Physiol. 2022;13:995575. [doi: 10.3389/fphys.2022.995575] [Medline: 36225296]

Bunn JA, Navalta JW, Fountaine CJ, Reece JD. Current state of commercial wearable technology in physical activity
monitoring 2015-2017. Int J Exerc Sci. 2018;11(7):503-515. [doi: 10.70252/NJQX2719] [Medline: 29541338]

Kloss EB, Givens A, Palombo L, et al. Validation of Polar Grit X Pro for estimating energy expenditure during military
field training: a pilot study. J Sports Sci Med. Dec 2023;22(4):658-666. [doi: 10.52082/jssm.2023.658] [Medline:
38045749]

Argent R, Hetherington-Rauth M, Stang J, et al. Recommendations for determining the validity of consumer wearables
and smartphones for the estimation of energy expenditure: expert statement and checklist of the INTERLIVE network.
Sports Med. Aug 2022;52(8):1817-1832. [doi: 10.1007/s40279-022-01665-4] [Medline: 35260991]

Evenson KR, Goto MM, Furberg RD. Systematic review of the validity and reliability of consumer-wearable activity
trackers. Int J Behav Nutr Phys Act. Dec 18,2015;12:159. [doi: 10.1186/s12966-015-0314-1] [Medline: 26684758]
Adam Noah J, Spierer DK, Gu J, Bronner S. Comparison of steps and energy expenditure assessment in adults of Fitbit
Tracker and Ultra to the Actical and indirect calorimetry. J Med Eng Technol. Oct 2013;37(7):456-462. [doi: 10.3109/
03091902.2013.831135] [Medline: 24007317]

Bai Y, Welk GJ, Nam YH, et al. Comparison of consumer and research monitors under semistructured settings. Med Sci
Sports Exerc. Jan 2016;48(1):151-158. [doi: 10.1249/MSS .0000000000000727] [Medline: 26154336]

Roos L, Taube W, Beeler N, Wyss T. Validity of sports watches when estimating energy expenditure during running.
BMC Sports Sci Med Rehabil. 2017;9:22. [doi: 10.1186/s13102-017-0089-6] [Medline: 29296281]

Kottner J, Audigé L, Brorson S, et al. Guidelines for reporting reliability and agreement studies (GRRAS) were
proposed. J Clin Epidemiol. Jan 2011;64(1):96-106. [doi: 10.1016/].jclinepi.2010.03.002] [Medline: 21130355]
Fitzpatrick TB. The validity and practicality of sun-reactive skin types I through VI. Arch Dermatol. Jun 1,
1988;124(6):869. [doi: 10.1001/archderm.1988.01670060015008]

DeBlois JP, White LE, Barreira TV. Reliability and validity of the COSMED K35 portable metabolic system during
walking. Eur J Appl Physiol. Jan 2021;121(1):209-217. [doi: 10.1007/s00421-020-04514-2] [Medline: 33011874]
Chevance G, Golaszewski NM, Tipton E, et al. Accuracy and precision of energy expenditure, heart rate, and steps
measured by combined-sensing Fitbits against reference measures: systematic review and meta-analysis. JMIR mHealth
uHealth. Apr 13,2022;10(4):e35626. [doi: 10.2196/35626] [Medline: 35416777]

Sun X, Wang Z, Fu X, Zhao C, Wang F, He H. Validity of Apple Watch 6 and Polar A370 for monitoring energy
expenditure while resting or performing light to vigorous physical activity. J Sci Med Sport. Sep 2023;26(9):482-486.
[doi: 10.1016/j.jsams.2023.07.005] [Medline: 37517888]

https://formative jmir.org/2026/1/e83090 JMIR Form Res 2026 | vol. 10 183090 | p. 6

(page number not for citation purposes)


https://doi.org/10.3389/fphys.2022.995575
http://www.ncbi.nlm.nih.gov/pubmed/36225296
https://doi.org/10.70252/NJQX2719
http://www.ncbi.nlm.nih.gov/pubmed/29541338
https://doi.org/10.52082/jssm.2023.658
http://www.ncbi.nlm.nih.gov/pubmed/38045749
https://doi.org/10.1007/s40279-022-01665-4
http://www.ncbi.nlm.nih.gov/pubmed/35260991
https://doi.org/10.1186/s12966-015-0314-1
http://www.ncbi.nlm.nih.gov/pubmed/26684758
https://doi.org/10.3109/03091902.2013.831135
https://doi.org/10.3109/03091902.2013.831135
http://www.ncbi.nlm.nih.gov/pubmed/24007317
https://doi.org/10.1249/MSS.0000000000000727
http://www.ncbi.nlm.nih.gov/pubmed/26154336
https://doi.org/10.1186/s13102-017-0089-6
http://www.ncbi.nlm.nih.gov/pubmed/29296281
https://doi.org/10.1016/j.jclinepi.2010.03.002
http://www.ncbi.nlm.nih.gov/pubmed/21130355
https://doi.org/10.1001/archderm.1988.01670060015008
https://doi.org/10.1007/s00421-020-04514-2
http://www.ncbi.nlm.nih.gov/pubmed/33011874
https://doi.org/10.2196/35626
http://www.ncbi.nlm.nih.gov/pubmed/35416777
https://doi.org/10.1016/j.jsams.2023.07.005
http://www.ncbi.nlm.nih.gov/pubmed/37517888
https://formative.jmir.org/2026/1/e83090

JMIR FORMATIVE RESEARCH Ferreira et al

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Nelson MB, Kaminsky LA, Dickin DC, Montoye AHK. Validity of consumer-based physical activity monitors for
specific activity types. Med Sci Sports Exerc. Aug 2016;48(8):1619-1628. [doi: 10.1249/MSS.0000000000000933]
[Medline: 27015387]

Hopkins WG, Marshall SW, Batterham AM, Hanin J. Progressive statistics for studies in sports medicine and exercise
science. Med Sci Sports Exerc. Jan 2009;41(1):3-13. [doi: 10.1249/MSS.0b013e31818cb278] [Medline: 19092709]
Danielsson ML, Vergeer M, Plasqui G, Baumgart JK. Accuracy of the Apple Watch Series 4 and Fitbit Versa for
assessing energy expenditure and heart rate of wheelchair users during treadmill wheelchair propulsion: cross-sectional
study. JMIR Form Res. May 7, 2024;8:€52312. [doi: 10.2196/52312] [Medline: 38713497]

Schober P, Boer C, Schwarte LA. Correlation coefficients: appropriate use and interpretation. Anesth Analg. May
2018;126(5):1763-1768. [doi: 10.1213/ANE.0000000000002864] [Medline: 29481436]

Koo TK, Li MY. A guideline of selecting and reporting intraclass correlation coefficients for reliability research. J
Chiropr Med. Jun 2016;15(2):155-163. [doi: 10.1016/j.jcm.2016.02.012] [Medline: 27330520]

Hopkins WG. Spreadsheets for analysis of validity and reliability. Sportscience. 2015;19:36-45. URL.: https://sportsci.
org/2015/ValidRely.htm [Accessed 2026-02-24]

LaMunion SR, Blythe AL, Hibbing PR, Kaplan AS, Clendenin BJ, Crouter SE. Use of consumer monitors for estimating
energy expenditure in youth. Appl Physiol Nutr Metab. Feb 2020;45(2):161-168. [doi: 10.1139/apnm-2019-0129]
[Medline: 31269409]

Wahl Y, Diiking P, Droszez A, Wahl P, Mester J. Criterion-validity of commercially available physical activity tracker
to estimate step count, covered distance and energy expenditure during sports conditions. Front Physiol. 2017;8:725.
[doi: 10.3389/fphys.2017.00725] [Medline: 29018355]

Falter M, Budts W, Goetschalckx K, Cornelissen V, Buys R. Accuracy of Apple Watch measurements for heart rate and
energy expenditure in patients with cardiovascular disease: cross-sectional study. JMIR mHealth uHealth. Mar 19,
2019;7(3):e11889. [doi: 10.2196/11889] [Medline: 30888332]

Doherty C, Baldwin M, Keogh A, Caulfield B, Argent R. Keeping pace with wearables: a living umbrella review of
systematic reviews evaluating the accuracy of consumer wearable technologies in health measurement. Sports Med. Nov
2024;54(11):2907-2926. [doi: 10.1007/s40279-024-02077-2] [Medline: 39080098]

Brazeau AS, Suppere C, Strychar I, Belisle V, Demers SP, Rabasa-Lhoret R. Accuracy of energy expenditure estimation
by activity monitors differs with ethnicity. Int J Sports Med. Sep 2014;35(10):847-850. [doi: 10.1055/s-0034-1371837]
[Medline: 24816887]

Diiking P, Giessing L, Frenkel MO, Koehler K, Holmberg HC, Sperlich B. Wrist-worn wearables for monitoring heart
rate and energy expenditure while sitting or performing light-to-vigorous physical activity: validation study. JMIR
mHealth uHealth. May 6, 2020;8(5):e16716. [doi: 10.2196/16716] [Medline: 32374274]

Fuller D, Colwell E, Low J, et al. Reliability and validity of commercially available wearable devices for measuring
steps, energy expenditure, and heart rate: systematic review. JMIR mHealth uHealth. Sep 8, 2020;8(9):e18694. [doi: 10.
2196/18694] [Medline: 32897239]

Abbreviations

EE: energy expenditure

GW: Galaxy Watch

ICC: intraclass correlation coefficient
MAPE: mean absolute percentage error

Edited by Amy Schwartz, Matthew Balcarras; peer-reviewed by Adebero Samuel, Ritesh Ruparel; submitted 28.Aug.2025;
accepted 12 .Jan.2026; published 18.Mar.2026

Please cite as:

Ferreira ARP, Inoue A, Barbosa RLM, Hayek C, Reis M, Alcantara JA, Shigueoka AH, dos Santos MR

Validity of Galaxy Watch for Estimating Energy Expenditure During Intermittent Running: Cross-Sectional Study
JMIR Form Res 2026,10:¢83090

URL: hitps://formative jmir.org/2026/1/e83090

doi: 10.2196/83090

© Alexandre Reis Pires Ferreira, Allan Inoue, Ramon Ludman Martins Barbosa, Cassio Hayek, Mateus Reis, Jodo Arthur
Alcéantara, Augusto Hirao Shigueoka, Marcelo Rodrigues dos Santos. Originally published in JMIR Formative Research
(https://formative.jmir.org), 18.Mar.2026. This is an open-access article distributed under the terms of the Creative Commons

https://formative jmir.org/2026/1/e83090 JMIR Form Res 2026 | vol. 10 1 83090 | p. 7

(page number not for citation purposes)


https://doi.org/10.1249/MSS.0000000000000933
http://www.ncbi.nlm.nih.gov/pubmed/27015387
https://doi.org/10.1249/MSS.0b013e31818cb278
http://www.ncbi.nlm.nih.gov/pubmed/19092709
https://doi.org/10.2196/52312
http://www.ncbi.nlm.nih.gov/pubmed/38713497
https://doi.org/10.1213/ANE.0000000000002864
http://www.ncbi.nlm.nih.gov/pubmed/29481436
https://doi.org/10.1016/j.jcm.2016.02.012
http://www.ncbi.nlm.nih.gov/pubmed/27330520
https://sportsci.org/2015/ValidRely.htm
https://sportsci.org/2015/ValidRely.htm
https://doi.org/10.1139/apnm-2019-0129
http://www.ncbi.nlm.nih.gov/pubmed/31269409
https://doi.org/10.3389/fphys.2017.00725
http://www.ncbi.nlm.nih.gov/pubmed/29018355
https://doi.org/10.2196/11889
http://www.ncbi.nlm.nih.gov/pubmed/30888332
https://doi.org/10.1007/s40279-024-02077-2
http://www.ncbi.nlm.nih.gov/pubmed/39080098
https://doi.org/10.1055/s-0034-1371837
http://www.ncbi.nlm.nih.gov/pubmed/24816887
https://doi.org/10.2196/16716
http://www.ncbi.nlm.nih.gov/pubmed/32374274
https://doi.org/10.2196/18694
https://doi.org/10.2196/18694
http://www.ncbi.nlm.nih.gov/pubmed/32897239
https://formative.jmir.org/2026/1/e83090
https://doi.org/10.2196/83090
https://formative.jmir.org
https://formative.jmir.org/2026/1/e83090

JMIR FORMATIVE RESEARCH Ferreira et al

Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduc-
tion in any medium, provided the original work, first published in JMIR Formative Research, is properly cited. The complete
bibliographic information, a link to the original publication on https://formative.jmir.org, as well as this copyright and license
information must be included.

https://formative jmir.org/2026/1/e83090 JMIR Form Res 2026 | vol. 10 183090 | p. 8

(page number not for citation purposes)


https://creativecommons.org/licenses/by/4.0/
https://formative.jmir.org
https://formative.jmir.org/2026/1/e83090

	Validity of Galaxy Watch for Estimating Energy Expenditure During Intermittent Running: Cross-Sectional Study
	Introduction
	Methods
	Study Design
	Participants
	Ethical Considerations
	Exercise Protocol
	Criterion Measure
	Wearable Activity Monitors
	Statistical Analysis

	Results
	Discussion
	Principal Findings
	Practical Implications
	Conclusions



