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OpenMetabolics: Estimating energy
expenditure using a smartphone worn in
a pocket
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Physical inactivity is the fourth largest cause of globalmortality. Health organizations have requested a
tool to objectively measure physical activity becausemany specific and causal relationships between
activity and health outcomes are not clearly understood. Existing activity monitors are either
unsuitable for large-scale use or have substantial error. We present OpenMetabolics, a
biomechanically-informed activity monitor that employs a smartphone in a pants pocket which
measures leg motion to estimate energy expenditure. OpenMetabolics uses a data-driven machine
learning model to capture the relationship between underlying leg muscle activity and energy
expended during common physical activities. OpenMetabolics estimated energy expenditure with
18% cumulative error across all real-world activities, approximately two times lower than existing
tools. We developed a pocket motion artifact correction model to accurately monitor energy
expenditure when the smartphone is in a pocket of various types of clothing. A week-long, at-home
monitoring study highlighted individual and population-level activity patterns across various
timescales. We have made the data, code, and smartphone application open source. This accurate
and accessible activity monitor could be deployed for large-scale studies with many patient
populations to relate activity to health outcomes, inform health policy, and develop interventions.

Physical activity is a powerful intervention for many health conditions, but
activity monitoring tools limit studies relating activity to health outcomes.
Regular physical activity improves many aspects of health, including mus-
culoskeletal function1, mental health2, weight management3, disease
prevention4, cognitive function5, and sleep6. Understanding the relationship
between activity and health outcomes is important for developing inter-
ventions, evaluating the efficacy of clinical trials, or advancing health
research. However, many of these relationships remain unclear, such as
weight loss7, quality of life in dementia and Alzheimer’s disease8,9, and
cognitive function inmultiple sclerosis10. TheWorld HealthOrganization11

and Physical Activity Guidelines Advisory Committee1 have requested
improved activity monitoring tools to address the difficulty of connecting
activity and health outcomes.

Health organizations have specified that activity monitoring tools
should accurately capture the frequency, duration, intensity, and type of
physical activity1,11. Activities of any duration contribute to health
benefits12–14. Frequent estimation, ideally monitoring each step, is necessary
to capture all activity, like themany short walking bouts that comprisemost
daily movement15. Accurately measuring activity intensity is important as it

can vary dramatically even within one type of activity, such as walking at
different speeds or inclines16. The activity intensity can be quantified using
discrete categories likemoderate-to-vigorous intensity11, units ofmovement
like steps17,18, or direct and continuousmeasures of energy expenditure16,19,20.
Monitoring technology should be widely accessible to improve health
equity1 andbe suitable for longitudinal studies, asmanyhealth outcomes are
influenced by long-term physical activity21.

Existing activity monitoring tools have trade-offs in monitoring cap-
abilities. Direct calorimetry22 is the gold standard for estimating energy
expenditure, but it is not feasible for portable or real-world physical activity
evaluation. Respirometry19 and doubly labeled water20 are accurate
laboratory-based methods, but are not suitable for large-scale deployment
due to their cost and inconvenience for everyday use. Self-report surveys are
commonlyused tomonitor activity but often lead to substantial error as they
rely on recall and social desirability bias based on coarse categories like light,
moderate, and vigorous intensity23. Most questionnaires are primarily
designed toassess plannedactivities anddonot effectively capture incidental
activities that offer significant health benefits24.Wearable devicesmayoffer a
practical and affordable method to assess physical activity using objective

1John A. Paulson School of Engineering and Applied Sciences, Harvard University, Boston, MA, USA. 2Kempner Institute for the Study of Artificial and Natural
Intelligence, Harvard University, Boston, MA, USA. e-mail: slade@seas.harvard.edu

Communications Engineering |            (2026) 5:35 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s44172-026-00604-9&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s44172-026-00604-9&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s44172-026-00604-9&domain=pdf
http://orcid.org/0000-0001-9302-3911
http://orcid.org/0000-0001-9302-3911
http://orcid.org/0000-0001-9302-3911
http://orcid.org/0000-0001-9302-3911
http://orcid.org/0000-0001-9302-3911
mailto:slade@seas.harvard.edu
www.nature.com/commseng


activity metrics11,25. Pedometers approximate activity intensity based on
total step counts26 or cadence27, but they are restricted to a few walking-
related activities. Accelerometer-based devices, like theActiGraph, areworn
on the leg, waist, or wrist and quantify activity intensity by counting the
number of acceleration measurements that reach a threshold. ActiGraph
studies report high errors in estimating energy expenditure28,29, possibly due
to thresholds not holding consistently across different wear locations,
populations, and activities30,31. Smartwatches are practical for daily use but
are predominantly used in high-income countries25, provide limited access
to algorithms or raw data23, and estimate energy expenditure with large
errors32–34. Researchers have developedmany different activity monitors by
integrating customwearable sensors and utilizing data-drivenmodels16,35–37.
For example, our previous work used a wearable system with two custom
sensors on the leg to estimate energy expenditure during laboratory
experiments16. However, custom sensor sets are not capable of large-scale
deployment and are infrequently validated during real-world conditions.

Smartphones may be a promising activity monitor, but existing
methods have not been thoroughly evaluated for real-world use with a
diverse participant cohort. Smartphones are used by approximately 70% of
the global population38, provide informative sensormeasurements related to
physical activity16, and can download custom software applications with
openly accessible algorithms. However, several smartphone activity mon-
itoring methods do not collect ground-truth energy expenditure measure-
ments and cannot evaluate estimation accuracy39–41. Some studies only test
young and healthy participants41,42, or use the same participants for training
and testing their model41. Most studies focus on a few activities rather than
many common activities, including daily living tasks39–43.

We present OpenMetabolics, a data-driven method that estimates
energy expenditure during real-world activity using legmotion data from a
smartphone carried in a pants pocket. OpenMetabolics estimates energy
expenditure more accurately than existing tools, provides an estimate per
gait cycle, monitors many common physical activities, and can be easily
deployed as a smartphone application. OpenMetabolics relies on a data-
driven model that captures the relationship between leg motion and the
energy expended during common physical activities. Active energy
expended during common activities that involve ambulation like walking,
stair climbing, running, and biking, is primarily due to leg muscle activity44.
We hypothesize that activemuscle force is the primary driver of legmotion.
Tracking leg kinematics captures information relevant to energy expendi-
ture, as leg acceleration and muscle activity are directly related based on
Newton’s second law of motion16.

The subsequent paragraphs describe the series of experiments per-
formed to develop and validate each component of OpenMetabolics and
provide an extensive comparison to state-of-the-art activity monitoring
tools. This includes training a data-drivenmachine learningmodel that uses
legmotion to estimate energy expenditure once per gait cycle.We validated
the accuracy of the data-drivenmodel during real-world activitymonitoring
by having subjects not included in the training data wear a smartphone
strapped to their thigh.We chose to isolate the smartphone on the thigh for
metabolic testing to provide ground-truth thighmotion data. Respirometry
experiments require substantial time; evaluating the smartphone in the
pocket of a single type of pants for each participant would provide limited
examples of clothing.We then proposed a pocket motion correctionmodel
that minimizes motion artifacts from a smartphone carried in the pocket of
different types of clothing. We validated that a smartphone in a pocket has
the same monitoring accuracy as a smartphone strapped to the thigh by
evaluating the system with many different participants and articles of
clothing. Finally, we deployed OpenMetabolics to continuously monitor
real-world activity throughout 1 week.

Results and discussion
Developing a data-driven model to estimate energy expenditure
with a smartphone
OpenMetabolics processes smartphone data to estimate energy expenditure
once per gait cycle. A smartphone in the pocket provides inertial

measurements from the accelerometer and gyroscope (Fig. 1a). An orien-
tation calibrationalgorithmaligns the smartphoneworn in apocketwith the
thigh to provide a consistent frame of reference for measurements (Fig. 1b
and Supplementary Fig. 1). The angular velocity data is segmented by gait
cycle (Fig. 1c) and downsampled to a fixed size (Fig. 1d). Motion artifacts
causedbyphonemovement in thepocket are removedwithapocketmotion
correction model to isolate leg motion (Fig. 1e). A data-driven model esti-
mates energy expenditure using angular velocity data and the subject’s
weight and height (Fig. 1f and Supplementary Fig. 2). OpenMetabolics
estimates energy expenditure once per gait cycle during common activ-
ities (Fig. 1g).

We trained a data-driven machine learning model that incorporates
the cyclic motion during physical activity to estimate energy expenditure
using inputs from a smartphone’s angular velocity measurements. These
time series data are segmented into gait cycles to provide a simple structure
for extracting information from legmotion. Estimating energy expenditure
from a data-drivenmodel with a gait cycle of input data was more accurate
and required less computation than a time series model using a sliding
window of input data45. This gait cycle structure in the data-driven model
can relate the differences in leg kinematics to energy expended during
varying physical activities and levels of intensity, enabling task-agnostic
regression16. We trained an ensemble model of gradient boosted trees,
combining many shallow decision trees to improve robustness against
overfitting46. The model was trained on a previous laboratory dataset16 of
thigh kinematics and steady-state metabolic rate data from 36 participants
(23 men, 13 women; age, 31 ± 11 years; body mass, 71.6 ± 12.0 kg; height,
1.73 ± 0.07m; body mass index, 23.9 ± 3.3) performing activities like
walking, running, stair climbing, and stationary biking at various
intensities16 (Supplementary Table 1).

Evaluating OpenMetabolics during common physical activities
OpenMetabolics estimated cumulative energy expenditure more accurately
than existing physical activity monitoring tools during naturalistic real-
world walking. Participants walked on a public sidewalk wearing a
respirometry system, a commercial smartwatch, a wrist-worn heart rate
monitor, a pedometer, a thigh-based accelerometer, and a smartphone
strapped to their thigh (Fig. 2a, b). A new group of participants (n = 28, 16
men 12 women; age, 35 ± 14 years; body mass, 72.1 ± 13.1 kg; height,
1.72 ± 0.08m; body mass index, 24.3 ± 3.5) was recruited to perform nat-
uralistic walking bouts in a real-world setting for 16min, taking approxi-
mately 33% of the average daily steps for U.S. adults47 (Fig. 2c). These
participants were separate from those in the training dataset (Supplemen-
tary Fig. 3). Participants varied their walking speed and bout duration in
response to ecologically relevant48 audio prompts49, causing them to self-
select walking speeds that closely matched the expected ground-truth dis-
tributions for the speed and duration of the walking bouts (Fig. 2d, e).
OpenMetabolics had the lowest average error across all physical activities
(Fig. 2f).OpenMetabolicshad a cumulative energy expenditure error of 13%
for real-world walking (multiple comparisons, n = 28, *P < 0.05,
**P < 0.005), significantly less than existing physical activity monitors
(Fig. 2g). OpenMetabolics estimated cumulative energy expenditure with
minimal bias and low variability compared to ground-truth respirometry,
indicating more accurate and consistent estimation across a diverse adult
population than existing activity monitors (Supplementary Figs. 4–8).

OpenMetabolics estimated cumulative energy expenditure more
accurately than existing physical activity tools during several physical
activities and activities of daily living. Participants performed overground
running and stair walking at a self-selected pace, and stationary biking and
incline walking at a steady state pace, all in 6-min bouts (Fig. 2h). The
smartwatch’s high error may indicate that heart rate and cadence estimated
from wrist motion are less informative signals of energy expenditure16. The
pedometer and thigh-based accelerometer had high errors during walking
on stairs and inclines because cadence and acceleration intensity may not
have a clear relationship with effort (multiple comparisons, n = 10,
*P < 0.05). For example, slow walking on flat ground and walking up stairs
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may yield similar cadence and acceleration intensities but require different
energy expenditures. Thigh-based accelerometers may benefit from using
the gait cycle structure of motion16 and gyroscopemeasurements28 to better
estimate energy expenditure. A data-driven pedometer model and data-
drivenheart ratemodel, trainedon the samedatasetwith the samemodeling
approach as OpenMetabolics, performed similarly to the existing
pedometer27 and heart rate models50 (Fig. 2g and Supplementary Fig. 9).
This indicates that OpenMetabolics’ low error is not due to the datasets or
model structure, but instead may be due to the information encoded in
cyclic leg motion that captures underlying muscle activity and energy
expenditure. A linear mixed model indicated that the participants’ age,
gender, and body mass index had no significant effect on OpenMetabolics’
error during the real-world experiments (Supplementary Table 2, n = 38,
P = 0.365, P = 0.099, P = 0.276). Participants performed several common
activities of daily living, including organizing their home, cleaning, eating,
and maintaining personal hygiene51. OpenMetabolics and the existing
physical activity monitors had similar estimation errors during activities of
daily living, indicating that monitoring leg motion is a substantial con-
tributor to energy expenditure in everyday activities (Supplementary Fig. 10
and Supplementary Video 1, multiple comparisons, n = 10, *P < 0.05).

Developing and evaluating a pocket motion correctionmodel for
everyday clothing
Apocketmotion correctionmodelminimizesmotionartifacts causedby the
smartphone moving in the pocket to enable accurate energy expenditure
estimation when people wear different clothes. A smartphone’s movement
within the pocket introduces unwantedmotion, distorting the ground-truth
smartphone measurements of leg motion. This uncorrected smartphone
data contains cyclic and consistent motion artifacts throughout each gait
cycle52. We trained a linear regression model to remove motion artifacts
related to smartphone movement in the pocket, so the corrected smart-
phone data only reflects legmotion (Fig. 3a). Participants performeda series

of 20 s walking bouts at five self-selected speeds following ecological audio
promptswhilewearing eachof fourdifferent typesof clothing to evaluate the
pocket motion correctionmodel (n = 10, 5men 5 women; age, 26 ± 3 years;
body mass, 71.7 ± 9.1 kg; height, 1.72 ± 0.08m; body mass index,
24.1 ± 1.3). The pocket motion correction model significantly reduced the
angular velocity root mean square error by 28% compared to the ground-
truth smartphone strapped to the thigh (Fig. 3b; two-sided Wilcoxon
signed-rank test, n = 10, **P < 0.005), with the largest reduction observed
when participants wore athletic shorts (Supplementary Fig. 11). The cor-
rected smartphone data had a significantly lower relative difference in
energy expenditure estimation across all types of clothing compared to the
uncorrected smartphone data, indicating the pocket motion correction
model effectively reduced the systematic bias in estimation caused by
motion artifacts (Fig. 3c; two-sided Wilcoxon signed-rank test, n = 10,
**P < 0.005; Supplementary Fig. 12). This approachmay generalize towork
well formany clotheswith an extensive dataset to accurately estimate energy
expenditure for people wearing any type of clothing in everyday life. Col-
lecting leg motion data at home with a smartphone can personalize the
pocket motion correction model, which may improve estimates of motion
artifacts for specific items of clothing (n = 1, Supplementary Fig. 13).

OpenMetabolics had similar real-world energy expenditure estimation
errors when using measurements from a smartphone with pocket motion
artifacts or a ground-truth smartphone strapped to the thigh, indicating
feasibility for broad deployment. Evaluating OpenMetabolics’ monitoring
performancewhena smartphone is carried in a pocket bymanyparticipants
with many types of clothing is crucial for validation. Unfortunately,
respirometry requires approximately 15min of data collection for repre-
senting real-world activity, totalinghundredsofhours of testing to evaluate a
few dozen participants, each wearing several types of clothing. However,
collecting only smartphone data to isolate pocket motion artifacts for dif-
ferent participants and types of clothing requires approximately 15 s of data
per condition, scaling favorably for experimental collection (Fig. 3c). We

Fig. 1 | OpenMetabolics energy expenditure estimation method. a A participant
walks with a smartphone in their pocket. b An orientation calibration algorithm
aligns the smartphone data with the thigh’s frame of reference during each bout of
activity, regardless of the smartphone’s orientation in the pocket. c Individual gait
cycles are segmented by detecting peaks in the sagittal plane angular velocity (ωz).
d Each axis of angular velocity data from a single gait cycle is downsampled to a fixed
size of 30 values. eA linear regressionmodel estimatesmotion artifacts caused by the

phone shifting in the pocket during walking and removes these artifacts from the
uncorrected gait data. f A pre-trained data-driven model, an ensemble of gradient
boosted trees, estimates the energy expenditure once per gait cycle. This model takes
an input of the corrected gait data, statistical features of the gait data, and the
subject’s height and weight. Each tree estimate (p) is aggregated using a learning rate
(λ) to produce the ensemble estimate. gOpenMetabolics estimates energy expended
during real-world activities.
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augmented the smartphone data strapped to the thigh from the real-world
respirometry experiment (Fig. 2) with many different pocket motion arti-
facts recorded in separate experiments (Fig. 3a) to emulate a real-world
respirometry experiment where participants wore many types of clothing
(Fig. 3d). This emulation process resulted in 1120 possible combinations of
28 participants and 40 clothes, providing a rigorous evaluation of the pocket
motion correction model. The OpenMetabolics energy expenditure esti-
mates using the emulated smartphone in the pocket showed no statistical
difference in cumulative error than the measured smartphone strapped to
the thigh (Fig. 3e; two-sidedWilcoxon signed-rank test, n = 28, P = 0.245).
OpenMetabolics can accurately estimate energy expenditure when carried
in the pocket of many types of clothing because the pocket motion cor-
rection model removes estimation bias due to clothing motion artifacts.

Piloting continuousmonitoring of real-world energy expenditure
OpenMetabolics captures trends in energy expenditure, from individuals to
populations, and across timescales, providing a capable tool for making
many types of health inferences. A week-long monitoring study with 10
participants (5 men, 5 women; age, 26 ± 4 years; body mass, 66.5 ± 7.1 kg;
height, 1.71 ± 0.07m; body mass index, 22.7 ± 2.0) showcased Open-
Metabolics’ activity monitoring in the real world. The high granularity of

energy expenditure estimatesonceper gait cycle reveals temporal patternsof
activity within each day and throughout the week (Fig. 4a). These daily
activity patterns could be used to investigate how a person’s lifestyle, work,
and environment impact their energy expenditure. For example, the
majority of energy expenditure for one representative participant occurred
during commuting hours (Fig. 4b). OpenMetabolics found participants’
physical activity varied throughout the week, capturing individual differ-
ences in activity level (Fig. 4c) and their unique distribution of physical
activity intensity (Fig. 4d). OpenMetabolics can also monitor physical
activity trends across broadpopulations(Fig. 4e). Participants had the lowest
physical activity level on Sunday compared to the weekday average (two-
sided Wilcoxon signed-rank test, n = 10, *P < 0.05), which matches the
results of a previous longitudinal study53.

Future work
OpenMetabolics works well for common real-world activities. More data
and sensing inputs are needed to accurately estimate energy expenditure for
certain activities, such as those with similar thigh motion and different
energy expenditure. A data-driven model using leg motion data accurately
estimated energy expenditure for conditions like biking at a fixed cadence
with varying resistance levels16 and walking with different body weight

OpenMetabolics
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Fig. 2 | Evaluating OpenMetabolics’ real-world energy expenditure estimation
using a smartphone strapped to the thigh. a OpenMetabolics was compared to a
commercial smartwatch and portable respirometry system. b Participants per-
formed physical activity experiments on public sidewalks. cMapof the 650-m course
used for evaluation. Participants performed 20 bouts of walking through the course
while following ecologically relevant48 audio prompts49 to elicit naturalistic walking.
Each lap included two flights of stair climbing. Distribution of self-selected walking
speeds (d) and walking bout durations (e) during the experiment, compared with
previously recorded distributions of real-world walking data15. f OpenMetabolics
had the lowest weighted absolute error across all physical activities compared to

existing physical activity monitors. g OpenMetabolics had significantly lower
cumulative energy expenditure error than a commercial smartwatch, heart rate
model, pedometer, and thigh-based accelerometer during real-world walking,
compared to respirometry (multiple comparison tests, n = 28, *P < 0.05,
**P < 0.005). h OpenMetabolics had lower absolute error in cumulative energy
expenditure across several physical activities (multiple comparison tests, n = 10,
*P < 0.05, **P < 0.005). The error for each activity was weighted based on the
number of participants. The boxes show the interquartile range, with a line at the
median and a dot and percentage value representing the mean. Whiskers extend to
1.5 times the interquartile range.
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loads45 based on similar but differentiable leg motion measurements.
However, adding sensor inputs like heart rate monitors, skin temperature
sensors, electromyography, orwearable strain sensors54 on otherparts of the
body could provide additional information related to muscle activity to
improve estimation. This additional sensing information could be especially
beneficial for challenging conditions where motion kinematics are similar,
butmuscle recruitment strategiesdiffer. Further validation onupper limbor
full-body exercise could enhance the generalizability of OpenMetabolics.
This energy expenditure estimation approach could extend to full-body
exercises, such as rowing, by adding upper limb sensor data segmented by
movement repetitions. Training a more complex nonlinear model on a
diverse dataset of pockets, garments, phone orientations, and smartphone
versions may improve the robustness and generalizability of the pocket
correctionmodel. Men carry smartphones in their pockets more frequently
thanwomen23, likely due towomen’s clothing having fewer pockets.Models
that incorporate wearable sensor information, such as data from a smart-
watch, could improve the amount of activity captured by a smartphone
carried in other common locations, such as the hand, backpack, jacket, or
purse. OpenMetabolics data-driven models could benefit from additional
data to represent broader participant demographics to ensure it performs

well when monitoring a diverse population. We provide an open-source
framework for training these models55. The scientific community can
contribute datasets to this framework to help build generalized models that
include broader participant demographics, sensing modalities, and types of
clothing.

Conclusion
OpenMetabolics is an accessible tool that could provide insights into phy-
sical activity that impact many fields like clinical research, nutrition, bio-
mechanics, robotics, and public health. OpenMetabolics is an effective
physical activity monitor that can be deployed at large-scale and meets the
requirements specified by health organizations to overcome the scientific
gaps in knowledge relating physical activity to health outcomes1. We pro-
vide open-source data, code, and a smartphone application to enable this
tool to bewidelyused andextended to support scientific and communityuse
across many different patient populations and health applications55. The
accessibility of OpenMetabolics makes it a promising tool to perform
physical activity monitoring in areas that are underserved or have limited
resources18,56. Many scientific fields could leverage this technology: clinical
researchers could use findings to inform health policy, public health

Fig. 3 | Correcting and emulating motion artifacts for a smartphone carried in a
pocket during real-world walking experiments. a Participants performed a series
of 20 s walking bouts at five self-selected speeds following ecological audio prompts
while wearing each of four different types of clothing. Motion data was measured
with a smartphone in the pocket and a smartphone strapped to the thigh. The pocket
motion correction model was trained to estimate motion artifacts caused by the
smartphonemoving in the pocket during each gait cycle. Themotion artifacts are the
difference in angular velocity between the ground-truth smartphone strapped to the
thigh, which reflects true leg motion, and the smartphone in the pocket, which
provides uncorrected data. b The pocket motion correction model significantly
reduced themotion artifacts, measuredwith angular velocity rootmean square error
(RMSE), by 28% across all types of pants and walking speeds (two-sided Wilcoxon
signed-rank test,n = 10, **P < 0.005). cThe relative difference in energy expenditure
estimation was significantly reduced by correcting smartphone data (two-sided
Wilcoxon signed-rank test, n = 10, **P < 0.005). This estimation improvement was

true across all clothing conditions, especially looser-fitting clothes that had larger
motion artifacts (multiple comparison, n = 10, *P < 0.05). dWe added previously
collected speed-matched motion artifacts (a–c) to the smartphone strapped to the
thigh in the real-world walking experiments (Fig. 2) to emulate an uncorrected
smartphone in a pocket for many participants and clothes. OpenMetabolics esti-
mated energy expenditure during real-world walking experiments using the cor-
rected smartphone data by removing motion artifacts with the pocket motion
correction model. e There was no significant difference between OpenMetabolics’
energy expenditure estimates when using the corrected smartphone data or the
ground-truth smartphone data during real-world walking experiments, indicating a
smartphone in the pocket is an effective monitoring tool (two-sided Wilcoxon
signed-rank test, n = 28, P = 0.245). The boxes show the interquartile range, with a
line at the median and a dot and percentage value representing the mean. Whiskers
extend to 1.5 times the interquartile range.
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researchers and urban planners could use the large-scale dataset to design
activity-friendly urban environments57, nutritionists could personalize
health interventions, biomechanists could study real-world mobility, and
roboticists could develop assistive technology to maximize patient
outcomes58. OpenMetabolics may provide an effective and accessible
activity monitoring tool to address fundamental health questions about
physical activity.

Methods
Experimental design
The research objective was to develop an accurate tool for large-scale
monitoring of energy expenditure during physical activity. To achieve this,
we proposed a smartphone-based approach that can be carried in everyday
pants and continuously monitor energy expenditure across various time-
scales. We hypothesized that a data-driven method using leg motion cap-
turedby a smartphonewouldhave lowererror thanexistingphysical activity
monitors in estimating energy expenditure during real-world physical
activity. We conducted a power analysis based on a previous study16 that
compared the estimationperformance between aWearable systemusing leg
motion frommultiple sensors on the leg and a smartwatch, and found that a
sample size of 26 participants would be sufficient to see statistical sig-
nificance. This analysis used a power of 0.8 with a significance level of 0.05,
the difference in mean absolute error in cumulative energy expenditure
between the Wearable system (12%) and the smartwatch (40%), and the
standard deviation of the Wearable system (25%) from the same study. All
experiments and study protocols were approved by the Institutional Review
Board of Harvard University (IRB22-1561) and Stanford University (IRB-
17282).We collected data from 30 participants for the real-world validation
experiments, 10 participants for activities of daily living and stair and incline

walk, 10 participants for the pocket motion artifacts correction experiment,
and 10 participants for theweek-long, at-homemonitoring experiment. For
the real-world validation experiments, we tested 4 more participants than
the minimum number determined by the power analysis, in case of any
missing data during later analysis. All participants were volunteers and
provided written informed consent before study procedures. Participants
provided consent for the publication of their identifiable images. The
experiments included human participant testing in laboratory, outdoor
settings, and at home in free-living conditions. The subsequent sections
cover the details of each experiment.

Measuring the ground-truth cumulative energy expenditure of
physical activities
The ground-truth metabolic cost of physical activities was calculated using
measurements from respirometry equipment. This equipment measured
the volume of carbon dioxide and oxygen exchanged with each breath. The
standard Brockway equation was applied to convert gas exchange data into
metabolic cost in Watts for each breath59. Participants carried portable
respirometry equipment (K5, COSMED) in the form of a small backpack to
collect respirometry measurements during real-world validation experi-
ments (Fig. 2a). Participants abstained from all food and drink except for
water for at least 3 h prior to the study visit to avoid confounds from the
thermal effect of food. At the beginning of each session, a 6-min quiet
standing condition was recorded as the baselinemetabolic cost. Cumulative
metabolic cost was calculated by summing the metabolic cost during the
condition60, including any metabolic cost above the baseline metabolic cost
of quiet standing for 3min following the condition16,61. Excess oxygen
consumption and carbon dioxide production during the return to steady
state in quiet standing reflect delays between immediate energy use by

Fig. 4 | Real-world activity monitoring with OpenMetabolics. a OpenMetabolics
provides granular energy expenditure estimates throughout a week for one repre-
sentative participant, offering detailed insights into individual energy expenditure
patterns. The heatmap visualizes the average energy expenditure for every 10-min
interval during the majority of active hours. b OpenMetabolics captures the tem-
poral pattern of total energy expenditure shown at 10-min intervals, highlighting the
distinctions between active and inactive portions of the day. The shaded band

indicates one standard deviation. c OpenMetabolics captures differences in active
energy expenditure across individuals. d Each participant has a unique distribution
of physical activity intensity that characterizes their energy expenditure. e People
were less active on Sundays than onweekdays (two-sidedWilcoxon signed-rank test,
n = 10, *P < 0.05). The boxes show the interquartile range, with a line at the median
and a dot and percentage value representing themean. Circles represent outliers, and
whiskers extend to 1.5 times the interquartile range.
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muscles and the measured expired gas that arise due to mitochondrial,
transport, and respiratory dynamics62. Accounting for the residual meta-
bolic cost after physical activity enables more accurate measurement of
cumulative energy expended during non-steady activities63. The cumulative
energy expenditure was computed as the cumulativemetabolic cost divided
by the total time period of activity.

Evaluation metrics
We evaluated the performance of the physical activity monitors based on
two error metrics: absolute error and relative difference.

The absolute error quantifies the discrepancy between the estimated
and ground-truth energy expenditure, calculating the percentage error
between the estimate and the ground truth and taking the absolute value of
these errors.

The relative difference measures the percentage difference between
estimated values and the ground-truth. We calculated the difference
between the estimated values and the ground-truth, divided by the ground-
truth, and multiplied by 100 to obtain the relative change percentage.

The cumulative energy expenditure of the physical activity monitors
was calculated by summing all the estimates, multiplying by the time dif-
ference between consecutive estimates, divided by the total time period of
activity. The error of cumulative energy expenditure was reported with
absolute error.

Existing physical activity monitoring tools for comparison
We comparedOpenMetabolics to existingmethods, including smartwatch,
pedometer, heart rate model, and thigh-based accelerometer during real-
world walking experiments.

The smartwatch estimated energy expenditure every minute using an
undisclosed model provided by Fitbit. The smartwatch used was a Fitbit
Charge 4 withmodel number FB417 and software version 48.20001.100.76.
Prior to data collection, subject-specific information was entered into the
Fitbit app, and the smartwatch was worn snugly on the participant’s left
wrist. The energy expenditure estimates from the smartwatchwere exported
from the Fitbit app. The estimates were in units of kilocalories per minute
and converted intoWatts by applying a scaling factor. The converted energy
expenditure estimates were then interpolated at 5-s intervals.

The pedometer estimates energy expenditure by using a regression
equation based on cadence at every gait cycle. Data was collected using a
smartphone strapped to participants’ thighs (Fig. 2a). The gait cycle was
segmented using the detected peak of sagittal plane angular velocity to
compute cadence.The smartphonewas iPhone12Prowith amodelnumber
of MGK13LL/A and software version 17.0.3. We used the Phyphox
smartphone application to collect the angular velocity of leg motion64. A
regression equation converts each cadence into Metabolic Equivalent
values27 and energy expenditure is then calculated by multiplying the par-
ticipant’s body weight.

The heart rate model estimates energy expenditure every 3 s using a
regression equation that incorporates heart rate along with subject-specific
data such as gender, age, height, and weight as parameters50. Heart rate data
was collected using a smartwatchwith activity-specificmodes, as it provided
more frequent measurements of heart rate than one without activity
selection. The smartwatch was an Apple Watch Series 1 (42mm) with
model number A1154 and software version 4.3.2. The device was worn
snugly on the right wrist. The heart rate data was exported from the Apple
Health app.

The thigh-based accelerometer estimates Metabolic Equivalent values
every 5 s using a quadratic regression equation that incorporates thigh
acceleration intensity65. The thigh acceleration intensity was calculated by
segmenting the three-axis acceleration data into 5-s windows, calculating
the Euclidean norm of the windows, and then filtering using a fourth-order
high-pass filter with 0.2 Hz cutoff frequency. The average of the Euclidean
norms computed a single value representing the thigh acceleration intensity
for each window of acceleration data. The quadratic regression equation
then converted each thigh acceleration intensity into Metabolic Equivalent

values, and energy expenditure was then calculated by multiplying the
participant’s body weight. The acceleration data was collected using a
smartphone strapped to participants’ thighs (Fig. 2a). The smartphone was
an iPhone 12 Pro with a model number of MGK13LL/A and software
version 17.0.3. We used the Phyphox smartphone application to collect
linear acceleration of leg motion64.

Data-driven energy expenditure estimation
Adata-driven regressionmodel estimated energy expenditure using angular
velocity measurements of leg motion during real-world physical activities.
The dataset used to train this model was collected by having participants
performvarious physical activities while wearing a respirometry system and
a portable inertial measurement unit on the thigh during laboratory-based
experiments. The following paragraphs detail how we pre-process the data
and train the data-driven regression model to estimate energy expenditure.
The pre-processing steps include aligning to the desired frame of reference,
segmenting leg movements by gait cycle, eliminating motion artifacts, and
combining features to create an input for the data-driven energy
expenditure model.

The data-driven regression model was trained to estimate energy
expenditure using thigh angular velocity and steady-state metabolic data
from a previous study16. The training dataset consisted of 36 participants
performing four common activities, including walking, running, stair
climbing, and stationary biking at various intensities (Supplementary
Table 1), resulting in 265 unique conditions and 13,300 gait cycles. We
defined thigh orientation as a fixed coordinate system aligned with the
superior-inferior andmedial-lateral axes of the thigh segment (Fig. 1b). The
inertial measurement unit on the thigh was aligned with the thigh orien-
tation and rigidly attached using a Velcro strap, cohesive bandage, and
medical tape. Each gait cycle data consisted of three time series signals from
each axis of angular velocity data of the thigh motion, paired with the
corresponding steady-state energy expenditure value. We trained an
ensemble data-driven model, gradient boosted trees46, to estimate the
steady-state energy expenditure using the angular velocity data froma single
gait cycle. The model hyperparameters were tuned using 5-fold cross-vali-
dation with the mean squared error as the loss function. These hyper-
parameters included the number of trees in the ensemble, the maximum
depthof each tree, the learning rate, and the fraction of samples and features
to be used for each tree. We tuned the hyperparameters with the Rando-
mizedSearchCV function from the scikit-learn library. The Randomi-
zedSearchCV function randomly sampled 10 sets of hyperparameters from
a uniform distribution. We selected the set of hyperparameters with the
lowest loss value during the cross-validation. The final hyperparameter
values were 400 trees, a maximum depth of 3, and a learning rate of 0.05.

Understanding which input features contributed to the model’s pre-
dictions is helpful for interpreting the learned relationship between leg
motion and energy expenditure. We calculated the relative importance of
model features in percentage (Supplementary Fig. 2). The feature impor-
tance was calculated based on how frequently each model feature was used
in splits across all trees in the model, indicating the feature was informative
for distinguishing the energy expended during physical activity. The most
important features were related to the sagittal plane angular velocity (ωz),
accounting for nearly 70% of the importance of all features. This aligns with
the biomechanics andmuscle activity of legmotion, as sagittal plane angular
velocity primarily represents the hip, knee, and ankle joint flexion and
extension during walking, running, stair climbing, and stationary biking.
The subject-specific information was not dominant compared to the
angular velocity of leg motion, accounting for 3% of the total importance.
This helps to understand key aspects of leg motion data for predicting
energy expenditure and gain some intuition for future model refinement
and data collection. The model training and feature importance visualiza-
tion were performed using Python (version 3.10.8) with packages xgboost
(version 1.7.6) and scikit-learn (version 1.1.2).

We developed a bout detection algorithm to estimate energy expen-
diture only when motion was detected (Supplementary Fig. 1a). Running
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the energy expenditure estimation algorithm only whenmotion is detected
can reduce the excess battery usage anddata storage on the smartphone.We
used a sliding window to continuously monitor the smartphone’s angular
velocity data.Thedatawas storedonly if the average secondnormwithin the
window exceeded an angular velocity threshold. We experimentally deter-
mined the slidingwindow length of 4 s and the angular velocity threshold of
0.5 rad/s. The stored data was then used to pre-process the angular velocity
data into an input for the energy expenditure estimation model. When
motion was not detected, the data-driven model identified quiet standing
and estimated scaled basal energy expenditure. Basal energy expenditure
was calculated using a previous equation66 based on height, weight, age, and
gender, and then multiplied by a scaling factor from a prior study16.

The data-driven energy expenditure model requires an input aligned
with thigh orientation, necessitating a calibration step for smartphone
sensor data in the pocket.Wedeveloped anorientation alignment algorithm
that finds two rotationmatrices tomatch the smartphone sensor data in the
pocket to the thigh orientation used for model training (Fig. 1b). These
rotation matrices determined the thigh orientation: one for superior-
inferior axis alignment and the other for mediolateral axis alignment
(Supplementary Fig. 1b). The orientation alignment algorithm first com-
puted a rotation matrix that aligned the smartphone’s positive y-axis with
the superior-inferior axis of the thigh segment, involving a rotation around
the smartphone’s z-axis. The algorithm computed a z-axis rotation angle
within ±180° that made the average of the smartphone’s y-axis acceleration
during the detected bout close to the acceleration of gravity. If no angle was
detected, the algorithm assigned an identity matrix, assuming the current
location of the smartphone in the pocket aligns with the superior-inferior
axis of the thigh segment. This rotation matrix was used to correct the
smartphone’s angular velocity data before correcting the mediolateral axis.
Next, we computed a rotation matrix to align the smartphone’s z-axis with
the mediolateral axis of the thigh by rotating around the smartphone’s y-
axis. The algorithm computed a y-axis rotation angle within ±180° that
maximized the approximate sagittal plane angular velocity during leg
motion. Together, these two rotation matrices calibrated the smartphone
frame of reference in the pocket to the thigh orientation (Supplemen-
tary Fig. 1c).

The calibrated smartphone angular velocity data were filtered and
segmentedbygait cycle using the sagittal plane angular velocity (Fig. 1c).We
used a fourth-order 6 Hz low-pass filter to remove high-frequency motion
artifacts from the calibrated smartphone angular velocity data. The filtered
sagittal plane angular velocity was used to segment the movement into gait
cycles by detecting two consecutive peaks. The angular velocity peaks
needed to cross a threshold of 70° per second and be spaced at least 0.6 s
apart to avoid errant motions that occur faster than the shortest gait
duration for our activities, including running or biking.

The three axes of segmented velocity were discretized into 30 bins each
and then concatenated into a single input vector of 90 values (Fig. 1d). All
hyperparameter values for filtering, segmenting, and discretization during
this process were selected from previous experiments16.

The segmented angular velocity was used as the input for the pocket
motion correction model to estimate and remove pocket motion artifacts
(Fig. 1e). The pocket motion correction model used the segmented angular
velocity and corresponding gait duration as a model input with a size of 91
by 1. The motion artifacts were subtracted from the uncorrected smart-
phone angular velocity to get the corrected smartphone angular velocity.
Details regarding the pocketmotion artifact correctionmodel development,
training, and experiment will be discussed in “Pocket motion artifact cor-
rection experiment.”

The data-driven energy expenditure model used input data of the
corrected smartphone angular velocity and additional statistical and
subject-specific features to estimate energy expenditure once per step. Sta-
tistical features could capture the characteristics of data in a more compact
form and potentially enhance model performance67. We computed five
statistical features from each axis of the corrected smartphone angular
velocity data. These statistical features included the mean, standard

deviation, median, skewness, and second norm. Subject-specific data, such
as body weight and height, were included in the energy expenditure esti-
mation model to relate anthropometric measurements to muscle activity.
Finally, all these features were combined and flattened into a single vector
array of 108 values and used to estimate energy expenditure once per gait
cycle (Fig. 1g).

Evaluating OpenMetabolics during real-world physical activities
We performed real-world physical activity experiments to compare
OpenMetabolics to existing activity monitoring tools. Participants (n = 30,
17 men, 13 women; age, 34 ± 14 years; body mass, 71.4 ± 13.0 kg; height,
1.72 ± 0.08m; bodymass index, 24.1 ± 3.5) completed a 1-day experimental
protocol.We recruited participants whose average age and bodymass index
were within half a standard deviation of those in a previous study32 that
validated the performance of smartwatches across diverse cohorts (Sup-
plementary Fig. 3). Real-world physical activity data were collected from 11
participants using a portable inertial measurement unit (Adafruit Precision
NXPBreakout Boards) strapped to the thigh and from19 participants using
a smartphone strapped to the thigh, all under the same testing conditions.
We aggregated these datasets for the analysis of OpenMetabolics’ perfor-
mance, as they demonstrated excellent reliability between the two mea-
surements based on the intraclass correlation coefficient of 0.9768

(Supplementary Fig. 14). Participants were asked to complete four different
real-world physical activities, includingnaturalisticwalking at various speed
and bouts for 16min, running at self-selected speed for 6min, and sta-
tionary biking at fixed cadence for 6min. Participants took a 3min rest in
quiet standing between each activity. All activities were performed outdoors
along a path consisting of concrete and brick public sidewalks (Fig. 2b).
Participants could skip any conditions they found too strenuous to complete
to make the protocol feasible for participants with diverse physiological
characteristics. Two subjects were excluded due to connection issues with
the portable respirometry system, and no other exclusions were made.

We emulated naturalistic walking by providing a series of audio cues to
participants to start and stop their walking bouts. We tried to match two
naturalistic walking factors: bout duration and walking speed. The bout
durations were randomly sampled from a predetermined distribution
(Fig. 2e) from a previous real-world study characterizing bout duration15.
Participants rested in a quiet standing position for a randomized duration of
5–10 s between each bout. We mimicked the naturalistic range of walking
speed by providing audio prompts that encouraged participants to self-
select their walking speed, such as “Walk as if you were walking across the
street” or “Walk as if you were walking through a field.” These audio
prompts were associated with different self-selected walking speeds49, and
weused themas ecologically relevant guidance.We randomly sampled from
apreselecteddistributionof speed(Fig. 2d) thatmimicked thewalking speed
distribution of free-living environments from a previous study69.

Participants performed real-world physical activities while wearing a
portable respirometry system, a smartwatch, a smartphone strapped to their
thigh, and a smartwatch for walking speed collection. For the real-world
walking experiment, participantswalkedcontinuously along a 650-mpublic
sidewalk, climbing up two flights of stairs each time they passed the starting
point (Fig. 2c). Participants performed 20 bouts of walking while following
audio prompts provided via wired earphones, which were connected to a
Raspberry Pi 3b+ running a predetermined Python script. The walking
speed of participants was collected from the same smartwatch used for the
heart rate model. The observed walking speed was adjusted to account for
the age difference70 between the individuals from the previous study69 and
our target population (Fig. 2d). The total walking time was around 16min
with an average number of steps of 1650 across all participants.

Participants performed self-selected pace overground running for
6min and 6min of stationary biking at a steady state pace. We used a
stationary bike, Wattbike Atom (Wattbike Ltd., Nottingham, UK), which
has adjustable resistance and provides real-time measured cadence dis-
played on the screen. Participants selected a comfortable resistance and
biked at a pedal rate of 83 revolutions perminute, which is a common freely
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chosen cadence71. We performed additional real-world walking with nat-
uralistic environmental changes such as stair walking and incline walking.
Participants (5 men and 5 women; age, 27 ± 3 years; body mass,
68.3 ± 9.3 kg; height, 1.73 ± 0.07m; bodymass index, 22.8 ± 2.2) completed
a 1-day experimental protocol. Participants climbed up and down two
flights of stairs at a self-selected pace for 6min. Participants performed an
incline walk on a treadmill set to a speed of 1.0 m/s and an incline of 5°.We
used an incline treadmill (SOLETT8Treadmill, Salt LakeCity,USA),which
has adjustable velocity and incline settings.

Bland–Altman plots comparing ground truth measurements and
various activity monitoring tools in real-world physical activities
OpenMetabolics estimated cumulative energy expenditure with minimal
bias and low variability compared to ground-truth measurements during
real-world walking, demonstrating consistent performance across the
diverse adult population. The heart rate model had the largest variability,
indicating it is an inconsistent measure to capture real-world walking. The
smartwatch, pedometer, and thigh-based accelerometer all had a bias of
approximately one standard deviation, a consistent estimation error across
all participants, which may be due to reliance on less informative signals of
energy expenditure (Supplementary Fig. 4).

For overground running, the heart rate model estimated cumulative
energy expenditure with minimal bias and low variability compared to the
ground-truth measurement, highlighting its effectiveness for high-intensity
activities. OpenMetabolics had lower bias and variability compared to the
smartwatch, pedometer, and thigh-based accelerometer, indicating con-
sistent performance across a range of physical activities from low-intensity
walking to high-intensity running (Supplementary Fig. 5).

For stationary biking, OpenMetabolics and the pedometer had mod-
erate bias with minimal variability. While the thigh-based accelerometer
also had minimal variability, it demonstrated the largest bias among all
activity monitoring tools. The smartwatch had a large bias and variability,
likely due to its reliance on wrist kinematics, which is minimal during this
activity. The heart ratemodel showed theminimal bias but large variability,
indicating heart rate response may not be informative as individual esti-
mates are inconsistent (Supplementary Fig. 6).

The pedometer and thigh-based accelerometer showed high bias and
variability for both stair and 5% incline walking, likely because cadence and
acceleration do not effectively capture environmental changes such as stairs
or slopes. The heart rate model demonstrated the largest variability in these
conditions, indicating substantial inter-individual differences in cardiovas-
cular responses to a change inphysical effort involving altered legmovements
such as walking on stairs or inclines (Supplementary Figs. 7 and 8).

Evaluating OpenMetabolics during activities of daily living
We performed naturalistic activities of daily living experiments to compare
OpenMetabolics to existing activitymonitoring tools. Participants (n = 10, 5
men and 5 women; age, 27 ± 3 years; body mass, 68.3 ± 9.3 kg; height,
1.73 ± 0.07m; bodymass index, 22.8 ± 2.2) completed a 1-day experimental
protocol. Four different basic and instrumental activities essential for
meeting basic physical needs and living independently were selected from
previous research51, including organizing the home, cleaning, eating, and
personal hygiene. The video examples of activities of daily living highlight a
participant performing these different activities to help with the under-
standing of the tasks (Supplementary Video 1). The organizing home
activity involved managing and arranging living spaces, such as organizing
clothes. The cleaning home activity included maintaining the living space
clean and tidy, such as sweeping the floor. The eating activity required
participants to feed themselves while sitting. The personal hygiene activity
involved the ability to bathe, groom oneself, and maintain dental hygiene.
Participants performed these four activities of daily living in a randomized
order while wearing a portable respirometry system, a smartwatch, a
smartphone strapped to their thigh, and a wrist-worn heart rate monitor.
Each activity lasted 6min and was performed at a self-selected pace.

Pocket motion artifact correction experiment
We conducted naturalistic walking experiments in an indoor laboratory to
investigate the effect of pocket motion artifacts on a range of clothes at
varying speeds of walking bouts. Healthy young adults (n = 10, 5 men, 5
women; age, 26 ± 3 years; body mass, 71.7 ± 9.1 kg; height, 1.72 ± 0.08m;
body mass index, 24.1 ± 1.3) completed a 1-day experimental protocol. We
evaluated various types of clothes: jeans, regular shorts, sweatpants, and
athletic shorts. Participants brought their own clothes to best emulate real-
world use. Participants wore a smartphone strapped to their thigh as the
ground-truth smartphone and carried another smartphone in their pocket
(Fig. 4a). Both smartphones were iPhone 12 Pro with model number
MGK13LL/A and software version 17.0.3. We used the Phyphox app64 to
collect angular velocity data from both smartphones, the same app used
during real-world walking experiments (Fig. 2g). Each participant per-
formed five walking bouts, each lasting 20 s with a 5-s pause between bouts.
We provided participants with five specific audio prompts to create nat-
uralistic variations with the widest range of speeds. The list of ecologically
relevant48 audio prompts49 from slow to fast is as follows: “Walk as if you
were walking home after a really bad day,” “Walk as if you were walking
through a field,” “Walk across the walkway at your typical speed,” “Walk as
if you were walking across the street,” and “Walk as if you were walking to
catch a bus.” The order of the audio prompts was randomized to avoid any
experimental bias.

A data-driven model was trained to eliminate motion artifacts
from the pocket to isolate the smartphone’s angular velocity of the
underlying leg motion. We defined the angular velocity from the
smartphone in the pocket as uncorrected smartphone data and from
the smartphone strapped to the thigh as ground-truth smartphone
data (Fig. 3a). The motion artifact was defined as the angular velocity
difference over three axes between the uncorrected smartphone data
and the ground-truth smartphone data. A linear regression model
was trained as a pocket motion correction model using one gait cycle
of the uncorrected smartphone data. The model input consisted of
discretized angular velocity over three axes from one gait cycle, with
a size of 90 by 1, and the corresponding gait duration in seconds. The
final input size was 91 by 1. The model output the estimated motion
artifact with a size of 90 by 1, which was subtracted from the
uncorrected smartphone data to obtain corrected smartphone data of
the same size. We evaluated the root mean square error against the
ground-truth smartphone data and the relative change in energy
expenditure estimation with and without the pocket motion correc-
tion model (Fig. 3b, c). We used 10-fold cross-validation, holding out
one subject’s data for evaluation and averaging the results across all
ten folds.

Personalizing the pocket motion artifact correction model
We collected walking data from one pilot participant (n = 1) to evaluate a
process for personalizing the pocket motion artifact correction model that
only requires smartphones. The participant completed two real-world
walking sessions, each consisting of five different bouts for 10-s each, fol-
lowing the same audio prompts used in the pocket motion artifact correc-
tion experiment. In the first session, one smartphone was held against the
thigh to collect ground-truthmotion data while another smartphone was in
a pocket as the participant performed real-world walking. This data was
used to re-train the pocket motion correction model (Fig. 3a–c). In the
second session, one smartphone was strapped to the thigh, and the other
smartphone was in a pocket as the participant performed real-world
walking to collect evaluation data. We evaluated the motion artifact RMSE
for three approaches: using uncorrected smartphone data, corrected
smartphone data with the pocket motion correction model, and corrected
smartphone data with the personalized pocket motion correction model
(Supplementary Fig. 13). Due to the small sample size (n = 1), no statistical
tests were conducted, and numerical results were not included in the
main text.
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Emulating smartphone data with pocket motion artifacts during
real-world walking experiments
We emulated pocket motion artifacts during real-world evaluation experi-
ments to understand the potential estimation performance of Open-
Metabolics. Conducting respirometry experiments with a diverse cohort
wearing many different types of clothing and performing naturalistic
walking bouts would require hundreds of hours of data collection. We
sampled motion artifacts from the pocket motion artifact experiment and
matched them to the real-world walking experiments based on gait speed
(Fig. 2g). Gait speed was approximated by calculating the stride time for
each gait cycle. Stride time was defined as the time interval between con-
secutive positive peaks in the sagittal plane angular velocity signal aligned
with the z-axis of thigh orientation, collected from the smartphone IMU
(Fig. 1b, c). We selected a group of motion artifacts within a 10% speed
difference for each gait cycle data from the real-world walking experiments
(Fig. 3d).We then addedone of these speed-matchedmotion artifacts to the
gait cycle data to emulate real-world walking data with motion artifacts. A
motion artifact was randomly sampled from walking speeds within 10% of
the real-world walking data to provide a range of similar pocket motion
artifacts for rigorous evaluation. If no artifacts were found within the 10%
speed difference range, we added the closestmatchingmotion artifact to the
real-world walking data. Adding appropriate motion artifacts based on
walking speed prevents systematic bias and closely matches the motion
artifacts produced during real-world motion. Once we emulated real-world
walking data with motion artifacts, we processed and estimated energy
expenditure using the pocket motion correction model, following the steps
shown in Fig. 1. The pocket motion correction model was trained on a
dataset separate from the test dataset of motion artifacts used for emulating
real-world walking data, ensuring rigorous evaluation. This procedure was
repeated 10 times using a 10-fold cross-validation dataset, holding out one
subject’s data with 4 types of clothing for sampling motion artifacts and
using the rest for training the pocket motion correction model. The entire
emulation process was conducted for 28 participants from real-world
walking experiments, multiplying by 40 clothes creates 1120 possible
combinations. Finally, we averaged the estimated absolute error across all
folds to determine the expected accuracy of OpenMetabolics when the
smartphone was carried in a pocket during real-world walking scenar-
ios (Fig. 3e).

Monitoring real-world physical activity for a week
We monitored participants’ physical activity for a week to showcase the
potential use case of OpenMetabolics. We developed a customized appli-
cation, OpenMetabolics, to continuously collect smartphone inertial mea-
surement unit data at 50Hz, including acceleration and angular velocity.
This application runs in the background even when the smartphone is
locked, enabling continuous data collection without interruption. The
development environment was Android Studio Hedgehog (version
2023.1.1)withOpenJDK64-Bit ServerVM(version 17.0.7). The application
was installed on Galaxy A24 smartphones (model number of SM-A245M/
DSN and Android version 13) and deployed to participants. Participants
(n = 10, 5men, 5 women; age, 26 ± 4 years; bodymass, 66.5 ± 7.1 kg; height,
1.71 ± 0.07m; body mass index, 22.7 ± 2.0) completed 7 days of an activity
monitoring protocol. Participants were instructed to carry the smartphone
in their pocket continuously for 7 days, except during sleep, swimming, and
showering. Participants did not interactwith the smartphone while the data
collection was ongoing, ensuring continuous data collection of their leg
motion during the protocol. The majority of observed walking bouts were
less than 30 s, closely matching results from the previous real-world activity
monitoring study15 (Supplementary Fig. 15).

Statistical analysis
All statistical tests were implemented using Python (3.10.8) and additional
Python libraries, including scipy (1.10.1) and statsmodel (0.14.1). All data
were assessed for normality using the Shapiro–Wilk test. Non-parametric
tests were used if the normality test rejected the null hypothesis.We used the

Kruskal–Wallis test for comparisons involvingmore than twogroups and the
two-sidedWilcoxon signed-rank test for pairwise comparisons. For multiple
comparisons tests, p values were adjusted to account for the number of
comparisons of interest using the Bonferroni correction to avoid the false
positive error rate inflation. A post-hoc multiple comparison test was per-
formed after assessing themain effect using theKruskal–Wallis test. A Linear
mixedmodelwas used to investigate the effect of subject-specific information
on the cumulative energy expenditure error of OpenMetabolics during the
real-world validation experiments. There were no significant effects of the
subject’s age, gender, and body mass index on the cumulative energy
expenditure error, with p values of 0.365, 0.099, and 0.276, respectively
(Supplementary Table 2). All statistical tests were set to a significance level of
0.05, with significance reported below this threshold.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Allmaterials necessary to replicate the results from thiswork are available in
a public repository: https://github.com/Harvard-Slade-Lab/A-smartphone-
activity-monitor-that-accurately-estimates-energy-expenditure. This
includes the experimental data, comprising the training dataset of 36 par-
ticipants used for training the data-driven energy expenditure estimation
model and validation dataset for real-world walking experiments using
OpenMetabolics and other activity monitors with a diverse population.

Code availability
All custom code necessary to replicate the results from this work is available
in a public repository: https://github.com/Harvard-Slade-Lab/A-
smartphone-activity-monitor-that-accurately-estimates-energy-
expenditure. This includes code to train the data-driven energy estimation
model in OpenMetabolics, validate OpenMetabolics and other activity
monitors during real-world walking experiments, and replicate the entire
OpenMetabolics process.
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