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Abstract
Purpose To develop and evaluate a physiological heart-rate model (PHM) for energy expenditure (EE) across
heterogeneous activity states, and to examine total-session agreement, state-dependent estimation error, and estimation
of sedentary and recovery EE without age-, sex-, or height-based population equations. We developed and evaluated
PHM using heart rate as the sole continuous physiological signal.

Methods Twenty healthy adults (11 men, 9 women; age 39.5 ± 7.3 years) completed office work, a non-rhythmic exercise
circuit, graded treadmill exercise to exhaustion, and seated recovery while EE was measured by indirect calorimetry
(COSMED K5). The PHM used heart rate, maximal heart rate (HRmax), speed at the second ventilatory threshold (vVT2),
an endurance parameter (E), body mass, and protocol-derived activity-state labels. Empirical coefficients were calibrated
in this cohort; performance therefore represents in-sample evaluation.

Mean session EE was 465.9 versus 466.8 kcal by indirect calorimetry. Bland-Altman bias was -0.9 kcal (95% limits of
agreement -33.6 to +31.7 kcal), and Lin's concordance correlation was 0.98. Energy-weighted mean absolute deviation
(MAD) across conditions was 8.7%, lowest during running (3.5%) and largest during stair descent (35.3%) and weighted
exercise (21.2%). Sedentary work showed +0.6% bias (individual SD 11.2%); recovery was overestimated by 15.7%.

The PHM showed promising in-sample performance across diverse activity states without age-, sex-, or height-based
population equations, although individual sedentary error resembled that of population equations and individual inputs
came from the evaluated session. External validation with coefficients fixed a priori and evaluation of automatic activity-
state detection are required.

Introduction
Energy expenditure (EE) is fundamental to exercise science, weight management, and metabolic health, and wearable
technology has made continuous estimation commonplace. However, accurate estimation remains difficult across the
heterogeneous activities of daily life. Most consumer and research devices estimate EE primarily from accelerometry,
alone or with physiological sensors. Because movement and metabolic demand are activity-dependent, static and
resistance exercise, cycling, load carriage, and recovery can impose substantial metabolic cost with little acceleration
(Chen and Bassett 2005). Accelerometer equations and activity-classification pipelines therefore perform inconsistently
across everyday activities (Lyden et al. 2011; Shcherbina et al. 2017).

Heart rate offers a complementary signal because it reflects the cardiovascular response to metabolic demand and is
continuously available from wearables (Achten and Jeukendrup 2003). Heart-rate methods can estimate oxygen uptake
and EE reproducibly under standardized conditions (Wicks et al. 2011; Schantz et al. 2019), but flex-heart-rate
approaches require individual laboratory calibration, while population-based models show larger individual error,
particularly at low intensity (Spurr et al. 1988; Rennie et al. 2001; Keytel et al. 2005). Recovery and non-rhythmic or
resistance effort are especially problematic because heart rate may remain elevated or rise out of proportion to whole-
body oxygen uptake (Achten and Jeukendrup 2003; Børsheim and Bahr 2003).

We developed a physiological heart-rate model (PHM) that individualizes the heart-rate-metabolic-demand relationship
using maximal heart rate (HRmax), speed at the second ventilatory threshold (vVT2), an endurance parameter (E), body
mass, and quantities from a heart-rate-speed framework (Steinarsson et al., unpublished manuscript). Heart rate is the
sole continuous physiological input; activity-state labels select predefined parameters for work/other activity, walking,
exercise, and recovery. Such states could potentially be identified automatically from accelerometry, although this was
not evaluated here. The model uses no age-, sex-, or height-based population equation for EE or resting metabolism.
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The primary aim of this study was to develop the PHM and characterize its apparent in-sample agreement with indirect
calorimetry across a heterogeneous protocol spanning sedentary work, non-rhythmic and resistance exercise, graded
treadmill walking and running, and post-exercise recovery. Specifically, we addressed three research questions: (1) how
closely does PHM reproduce total session energy expenditure; (2) how does estimation accuracy vary across protocol
phases and individual activity states, particularly locomotion, resistance/eccentric exercise, and recovery; and (3) can
PHM estimate light sedentary and recovery energy expenditure without relying on age-, sex-, or height-based population
equations?

Materials and methods

Study design and participants
The study was part of the METFIT PhD study at the University of Iceland and an integral part of the FITSILVER project
(Eurostars-3 Project E! 2671), a collaboration between Driftline (Iceland) and CSEM (Switzerland) from 2023 to 2025. It
was performed at the CSEM Sports Science Laboratory in Neuchâtel, Switzerland, approved by the Swiss Ethics CER-VD
(BASEC ID 2024 − 01496), and conducted in accordance with the Declaration of Helsinki. All participants provided
written informed consent before participating.

Twenty-eight healthy adults were enrolled in the study; eight were excluded before model evaluation because of
insufficient data quality (heart-rate signal dropout or incomplete gas-exchange recording in one or more phases), leaving
20 for analysis (11 men, 9 women; age 39.5 ± 7.3 years; body-mass index 22.8 ± 2.0 kg·m⁻²). Participants were
recreationally active, free of cardiovascular, metabolic, and musculoskeletal disease, and were not taking chronotropic
medication. Each participant completed a single recording session comprising three consecutive phases performed on
a common, continuously recorded timeline (Fig. 1). Phase A (Work) consisted of 50–60 min of seated and standing
office work activity. Phase B (Exercise) was a circuit of non-rhythmic activities: stationary cycling (3 min), bicep curls (30
s), lunges (60 s), push-ups (30 s), squats (30 s), planks (60 s), stair ascent (30 s), and stair descent (30 s), with 60 s rest
intervals between activities, with a total time of 15 min. External loads and intensities were not standardized;
participants performed the tasks at self-selected moderate effort.

Phase C (CPET + recovery) began with a standardized preparation period of 3 min lying, 3 min sitting, and 3 min
standing, followed by an incremental treadmill protocol at 0% gradient that started at 1.8 km·h⁻¹ and increased by 1.8
km·h⁻¹ every 3 min. Participants walked through the lower stages and transitioned to running at a self-selected speed,
continuing to volitional exhaustion, after which they completed a 20-min seated recovery. The onset and offset of every
activity mode were annotated on the shared timeline and used both to segment subsequent analyses and to supply the
broad activity-state labels required by the PHM.

Reference energy expenditure and heart rate

Energy expenditure (EE) was measured breath-by-breath by indirect calorimetry (COSMED K5; COSMED, Rome, Italy)
(Guidetti et al. 2018; Perez-Suarez et al. 2018) throughout the protocol. The analyzer was calibrated before each session
against reference and ambient gases and with a 3-L syringe for the flowmeter. Reference EE (EE_ref) was computed
from oxygen uptake and carbon-dioxide production using the Weir equation (Weir 1949) and reduced to a common 1-s
resolution. EE_ref served as the criterion measure throughout. Heart rate was recorded continuously at 1-s resolution
using a Polar H10 chest-strap sensor (Polar Electro Oy, Kempele, Finland). Heart rate and reference EE traces were time-
aligned before analysis.

Determination of model inputs
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Maximal heart rate (HRmax) and the running speed at the second ventilatory threshold (vVT2) were obtained from the
graded treadmill test. HRmax was set 0–4 bpm above the highest heart rate recorded during the CPET, because peak test
heart rate typically falls slightly short of true maximum (by 3.8 bpm on average in the companion study; Steinarsson et
al., unpublished manuscript); the value within this range was chosen during model fitting. VO2max was taken as the

highest 15-s averaging interval, and VT2 was identified as the respiratory compensation point using the ventilatory-
equivalents method (Binder et al. 2008; Keir et al. 2024). The endurance parameter E was obtained from each
participant's heart-rate response during recovery from the CPET using the heart-rate–speed framework described in
Online Resource 1. All three individual inputs therefore came from the session used for evaluation (see Limitations).

Within this framework, E and HRmax define the heart-rate threshold interval Pi. Pi is numerically equivalent to the model-
predicted resting heart rate but was not obtained from an independent resting-HR measurement in the present study.
When E is unavailable, Pi may alternatively be supplied from a measured or independently estimated resting heart rate.
Likewise, E may be estimated independently from the ratio between second threshold and maximum running speed
using the E-ratio relationship described in the companion study (Steinarsson et al., unpublished manuscript). These
represent alternative parameterization routes rather than additional simultaneous inputs.

Model development and calibration
Empirical coefficients identified as [emp] in Online Resource 1, together with the Pc multiplier and the HRmax offset, were
fine-tuned using the present dataset, with no held-out or resampling-based validation. Protocol-derived activity-state
labels selected predefined parameters for work/other activity, walking, exercise, and recovery. Thus, all reported
performance is apparent in-sample performance; the final coefficients should be fixed a priori for external validation.

The physiological heart-rate model
The PHM estimates EE each second from heart rate using HRmax, vVT2, E, body mass, and quantities from the heart-
rate–speed framework (Online Resource 1). Heart rate is the sole continuous physiological signal; activity-state labels
select parameters but contribute no quantitative movement data. In the companion study, E fitted from submaximal
running and recovery heart rate was evaluated against a CPET-based reference and was closely related to the ratio of
maximal to threshold running speed (Steinarsson et al., unpublished manuscript). Here, E was fitted from recovery after
the CPET. Exercise-circuit EE was scaled by φ (a cohort-tuned constant, 2.1; not applied to treadmill walking or running),
and piecewise corrections adjusted work and recovery multipliers for atypical heart-rate behavior when mean work heart
rate exceeded 1.4·Pi or early-recovery heart rate exceeded late-recovery heart rate by more than 15%; these corrections

were applied in 2 of 20 participants (Online Resource 1, S1.7).

Framework-derived quantities
From HRmax and E, the heart-rate–speed framework defines the heart-rate threshold interval Pi, from which the threshold
heart rates are derived. The resting/response anchor was set empirically to Pc = 1.16·Pi. This differs from the framework
anchor used in the companion study, Pc = crest·Pi with crest = 2(4 + E)/(8 − E) (≈ 1.20 at the cohort mean E). The value 1.16
was chosen because it minimized session bias in this cohort; using the framework anchor, with E refitted, would lower
Work-phase EE by approximately 3% and running EE by less than 1% (Online Resource 1, S1.2). In the model geometry, Pi

corresponds numerically to predicted resting heart rate, although measured resting heart rate was not used to derive Pi

in the present analysis. Together with vVT2, the framework also provides maximal aerobic speed (MAS) and maximal
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aerobic power (MAP). Body mass enters the calculations through MAP. Cardiovascular drift is modelled separately as a
time-varying component of the heart-rate response (Online Resource 1, S1.4).

Metabolic calibration
The activity factor AF (beats·kcal⁻¹), representing the cardiac cost per unit of energy at high exercise intensity (Swain &
Leutholtz 1997), was derived from heart-rate reserve and aerobic power:

Basal metabolic rate (BMR, kcal·min⁻¹) was obtained from the activity factor rather than from a generic age-, sex-, or
height-based anthropometric equation:

The low-intensity basal factor BF (beats·kcal⁻¹) was defined as BF = Pc / BMR. Calibration of these empirical
relationships is detailed in Online Resource 1.

Energy-expenditure estimation
For each second t, EE was estimated as a resting baseline plus a heart-rate-driven term:

where BMR is the basal metabolic rate (kcal·min⁻¹), c_rest an E-dependent resting multiplier, and Pc the resting heart-rate
anchor. The instantaneous activity factor α(t) rises from its low-intensity value BF to its high-intensity value AF through a
logistic transition in the metabolic heart rate HR_m(t), with an added drift term above the VT2 heart rate (P2):

Here k sets transition steepness and δ the supra-threshold drift. The reference heart rate HRc(t) = m·Pc is state-specific,
with predefined multipliers for work, exercise, recovery, and walking. HRm(t) is measured heart rate bounded below by Pc

and, during recovery, relaxed toward Pc at rate r. Exercise-phase EE was scaled by φ, and piecewise corrections adjusted
work and recovery multipliers for atypical heart-rate behavior; these corrections were applied in two of 20 participants
(Online Resource 1).

EE estimates were summed within each activity mode to yield mode-level energy (kcal); modes were then aggregated
into phases (A, B, C) and into the whole session. Estimated and reference EE were binned on the same annotated
protocol timeline so that both series were compared over identical time windows for every mode, phase, and the session
total.

Outcome measures
Outcome measures
Performance was quantified at three levels. For each activity mode and phase, signed relative deviation and mean
absolute deviation (MAD) were calculated from segment energy as (EE_est - EE_ref)/EE_ref. For each phase and the
whole session, absolute cumulative deviation quantified total-energy error, while energy-weighted MAD summarized per-
mode error without cross-mode cancellation. Whole-session agreement was also evaluated from participant session

AF = 1.7 + 16.1 ⋅ (HRmax − Pi) /MAP

BMR = (2554.6 − 92.9 ⋅ AF) /1440

EE (t) = c_rest ⋅ BMR + [HR( t) − Pc] / α (t)

α (t) = AF + (BF − AF) / (1 + exp{k ⋅ [HR_m(t) − HRc(t )] }) − δ ⋅ max(0, HR_m(t) − P2)
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totals. Second-by-second percentage error was not used because breath-by-breath variability in the criterion measure
inflates it independently of model performance.

Statistical analysis
Data are presented as mean ± SD unless otherwise stated. Mode- and phase-level deviations were summarized as
above; whole-session totals were assessed with Bland-Altman bias and 95% limits of agreement, root-mean-square error,
Pearson correlation, Lin’s concordance correlation coefficient, and ordinary-least-squares regression (Bland and Altman
1986; Lin 1989). Sex differences (Online Resource 1, Table S4) were explored with independent-samples t tests or Mann-
Whitney U tests when Shapiro-Wilk indicated non-normality; these small-group comparisons were descriptive and
uncorrected for multiplicity. Significance was set at α = 0.05. Analyses used jamovi v2.6.44 (The jamovi project 2025).
Because coefficients were calibrated in the same cohort, all metrics describe apparent in-sample performance.

Generative AI statement
Claude (Anthropic) and ChatGPT (OpenAI) assisted with manuscript drafting, organization, and language revision.
Claude also assisted with figure preparation using author-supplied data. All outputs were critically reviewed and verified
by the authors, who approved the final manuscript and take full responsibility for its content.

Results

Descriptive statistics
The participant characteristics and main CPET results are summarized in Table 1.

Table 1
Descriptive statistics and main results from indirect calorimetry

Characteristic Men (n = 11) Women (n = 9) All (n = 20)

Age (years) 41.7 ± 6.1 36.8 ± 8.0 39.5 ± 7.3

Height (cm) 178 ± 4 165 ± 5 172 ± 8

Body mass (kg) 75.3 ± 6.0 58.2 ± 3.5 67.6 ± 10.0

BMI (kg·m⁻²) 23.8 ± 2.0 21.5 ± 0.8 22.8 ± 2.0

VO₂max (mL·kg⁻¹·min⁻¹) 46.6 ± 5.8 43.5 ± 4.6 45.2 ± 5.4

HRmax (bpm) 188 ± 13 185 ± 12 187 ± 12

vVT2 (km·h⁻¹) 11.8 ± 1.6 9.7 ± 1.2 10.9 ± 1.8

BMI, body mass index; VO₂max, maximal oxygen uptake; HRmax, maximal heart rate; vVT2, running speed at the VT2

threshold.

Whole-session agreement
To address the first research question, whole-session PHM estimates were compared with indirect calorimetry. Across
the whole session, mean EE was 465.9 kcal for PHM and 466.8 kcal for indirect calorimetry (Fig. 2; Online Resource 1,
Table S3). Bland-Altman bias was − 0.9 kcal (-0.2% of mean reference EE), with 95% limits of agreement from − 33.6 to + 
31.7 kcal (-7.2% to + 6.8% of mean reference EE); RMSE was 16.3 kcal (3.5%). Session totals were strongly associated
(Pearson r = 0.98; Lin’s concordance = 0.98); OLS regression gave a slope of 0.92 and intercept of 37.7 kcal (Fig. 2B).
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Mean signed participant-level session deviation was + 0.1 ± 3.8%, and mean absolute cumulative deviation was 3.1 ± 
2.2% (Online Resource 1, Tables S3 and S5).

Agreement by protocol phase
To address the second research question, estimation error was examined across protocol phases and individual activity
states. Mean absolute cumulative deviation was 9.2% for Work, 6.8% for Exercise, and 2.7% for CPET/recovery, with
signed deviations within ± 1% (Table 2). Weighted MAD was 9.2%, 13.0%, and 7.7%, respectively. In Exercise, the lower
cumulative deviation than weighted MAD (6.8% vs 13.0%) reflected cancellation of opposite-signed mode errors.

Table 2
Agreement by protocol phase and overall session (n = 20).

Level Cumulative deviation, signed (%) Cumulative |deviation| (%) Weighted MAD (%)

Work + 0.6 ± 11.2 9.2 ± 6.0 9.2 ± 6.0

Exercise + 0.7 ± 8.5 6.8 ± 4.9 13.0 ± 2.8

CPET −0.1 ± 3.2 2.7 ± 1.6 7.7 ± 2.5

Overall (session) + 0.1 ± 3.8 3.1 ± 2.2 8.7 ± 1.9

Cumulative deviation = (ΣPHM - Σref)/Σref over the level (signed, and absolute). Weighted MAD = energy-weighted mean
of per-mode |deviation| within the level. Cumulative |deviation| reflects total-energy error; weighted MAD reflects across-
condition error and excludes cross-mode cancellation.

Agreement by activity mode
Mode-level analysis further addressed the second research question. In-sample performance varied across the fourteen
activity modes (Table 3, Fig. 3). Running had the lowest error (bias − 3.1%, MAD 3.5%) and walking remained relatively
close (bias − 5.9%, MAD 10.8%). Errors were larger in brief non-rhythmic and eccentric modes: stair descent showed + 
35.3% bias and weighted exercise + 18.1% bias (MAD 21.2%), while push-ups (-9.2%) and squats (-4.3%) were
underestimated. To address the third research question, light sedentary work and recovery were examined specifically.
Sedentary work showed + 0.6% bias and 9.2% MAD; the participant-level SD of 11.2% corresponds to approximate 95%
limits of − 21% to + 22%, and 10 of 20 participants were within ± 10% sedentary work bias. Recovery EE was
systematically overestimated by 15.7%.

The largest percentage errors occurred in low-energy modes (approximately 4–12 kcal), limiting their contribution to
session totals. Apparent session performance was similar for men and women (Online Resource 1, Table S4).
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Table 3
Agreement between PHM-estimated and reference energy expenditure by activity

mode (n = 20).
Activity mode Phase Reference EE (kcal) Bias (%) MAD (%)

Work Work 108.2 ± 15.3 + 0.6 ± 11.2 9.2 ± 6.0

Bike Exercise 18.3 ± 4.2 −5.3 ± 10.0 10.1 ± 4.8

Weights Exercise 5.8 ± 1.6 + 18.1 ± 15.9 21.2 ± 11.2

Lunges Exercise 7.0 ± 1.2 −3.9 ± 13.2 11.5 ± 7.1

Pushups Exercise 7.0 ± 1.5 −9.2 ± 10.9 12.0 ± 7.5

Squats Exercise 6.9 ± 1.9 −4.3 ± 11.6 9.9 ± 7.1

Planks Exercise 8.7 ± 1.8 + 9.1 ± 11.4 11.2 ± 9.2

Stairs (up) Exercise 5.3 ± 1.5 −2.6 ± 12.7 9.7 ± 8.4

Stairs (down) Exercise 3.5 ± 0.9 + 35.3 ± 14.2 35.3 ± 14.2

Prep CPET 12.1 ± 8.3 −10.4 ± 10.6 12.0 ± 8.7

Rest CPET 22.2 ± 6.5 + 5.4 ± 17.6 13.6 ± 12.1

Walk CPET 49.4 ± 10.9 −5.9 ± 11.8 10.8 ± 7.3

Run CPET 162.1 ± 47.8 −3.1 ± 2.7 3.5 ± 2.1

Recovery CPET 50.3 ± 15.1 + 15.7 ± 9.3 15.7 ± 9.3

EE, energy expenditure; MAD, mean absolute deviation. Reference EE is the mean ± SD of energy expended per mode
(COSMED K5 indirect calorimetry). Deviation = (PHM - reference)/reference, computed per participant from energy
summed over each mode; bias is the signed mean and MAD the mean absolute value, each reported as mean ± SD
across participants.

Whole-session time-series agreement
Representative whole-session traces are shown in Fig. 4A. PHM-estimated EE tracked the reference through work,
exercise, graded locomotion, and recovery. During recovery, both estimated and reference EE declined despite
persistently elevated heart rate, although group-level recovery energy was overestimated. Figure 4B illustrates the
cohort-mean exercise circuit, with visible overestimation during resistance and stair descent. On average the model
overestimated the resistance and eccentric modes (Weights, Planks, Stairs-down; shaded) and underestimated the
concentric bodyweight modes, consistent with the mode-level pattern in Fig. 3.

Discussion
The present study addressed three questions about the apparent in-sample performance of PHM. First, PHM reproduced
total session EE closely, although errors were larger at the individual activity-mode level. Second, accuracy varied
systematically among activity states and modes, with the closest agreement during rhythmic locomotion and larger
errors during recovery and some resistance or eccentric activities. Third, light sedentary EE was estimated with little
mean bias without explicit age-, sex-, or height-based population equations, although individual error was similar to that
of population equations and the relevant relationships were calibrated in this cohort. These findings support the
physiological basis of the model while identifying activity context and external validation as the main priorities for
further development.
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Total-session accuracy
PHM reproduced total session EE closely in this development cohort, answering research question 1. Mean session bias
was small, absolute cumulative deviation was 3.1%, and concordance with indirect calorimetry was high. The larger
energy-weighted per-mode MAD of 8.7% shows, however, that accurate session totals do not imply equally accurate
estimates for every activity. Total-session error is necessarily weighted by the activities performed. Positive and negative
mode-specific errors may partly offset one another, so a near-zero total bias can conceal larger errors within individual
modes. A day dominated by sedentary activity, walking, and running would give more weight to modes that performed
well here, whereas prolonged resistance exercise, cycling, or repeated recovery periods would change the error profile.

This distinction between good average agreement and greater individual uncertainty is also seen in free-living EE
studies. Brage et al. (2015), using heart rate and movement sensing against doubly labelled water over 14 days, reported
total-EE biases below 5%, while precision still depended on the sensing method and individual calibration. Motion-sensor
estimates can perform reasonably at the population level while retaining substantial individual error, with additional
physiological information such as heart rate improving PAEE estimation (Sardinha and Júdice 2017). The present
session-level results are therefore encouraging, but free-living validation is needed before the observed aggregate
accuracy can be generalized to daily EE.

Accuracy across activity states and modes
Accuracy differed among activity states and modes, answering research question 2. Running showed the lowest error
(bias − 3.1%, MAD 3.5%), while walking (− 5.9%, MAD 10.8%) and cycling (− 5.3%, MAD 10.1%) also showed relatively
close agreement with indirect calorimetry. This is consistent with previous work showing that HR-based estimation
performs best during rhythmic exercise, where cardiovascular demand and whole-body metabolic demand are
comparatively closely coupled (Achten and Jeukendrup 2003; Schantz et al. 2019). More broadly, a meta-analysis of 60
wearable-validation studies found that EE accuracy varied substantially by activity type and that adding physiological
sensing to accelerometry reduced error for most activity types (O'Driscoll et al. 2020).

The larger errors occurred where this coupling becomes weaker. Recovery was overestimated by 15.7%, consistent with
HR remaining elevated while oxygen uptake declines toward baseline (Børsheim and Bahr 2003). The bias persisted
despite the recovery-specific reference multiplier and relaxation rate, suggesting that a single relaxation rate does not
capture between-individual differences in how quickly heart rate and oxygen uptake decouple after maximal exercise,
and that further reducing recovery bias would have degraded agreement in other states. Weighted exercise was
overestimated by 18.1% and showed relatively high individual error, which is plausible given the localized muscle
recruitment and mixed contraction types of resistance exercise. Stair descent produced the largest relative error (+ 
35.3%), consistent with the low metabolic cost of eccentric work, although it accounted for very little absolute energy in
the protocol. Stair descent represents an extreme eccentric condition in which relatively high muscular force can be
generated at low metabolic cost (Douglas et al. 2017; Peñailillo et al. 2017; Renwick et al. 2024).

Estimation without demographic inputs
The third question was whether PHM could estimate light sedentary and recovery EE without age-, sex-, or height-based
population equations. Resting metabolic rate (RMR) was not measured; however, light sedentary EE can be regarded as
a close, though not equivalent, proxy. PHM estimated light sedentary EE with little systematic error (bias + 0.6%, MAD
9.2%) without explicit demographic predictors. The low sedentary bias partly reflects the tuned anchor; with the
framework anchor, Work-phase EE would have been approximately 3% lower. Individual precision was not better than
that of conventional RMR equations. The participant-level SD of 11.2% corresponds to 95% limits of roughly ± 22%,
comparable to the limits of about ± 19% reported by Kfir et al. (2023) for a newly developed body-composition-based
model, across common equations whose mean biases ranged from approximately − 2% to − 17%. Only 10 of 20
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participants were within ± 10% of reference, whereas Westerterp (2023) reported that the best-performing equation
predicted REE within ± 10% in just over 70% of adults. PHM thus retains body mass but replaces explicit age, sex, and
height terms with individualized physiological quantities including HRmax, vVT2, and E, with a similar level of individual
precision. Because the resting and activity-factor relationships were calibrated in this cohort, a low mean sedentary bias
is expected in-sample and is not by itself evidence that demographic terms are unnecessary; whether demographic-free
estimation holds with fixed coefficients is the main question for external validation.

PHM without demographic inputs estimated EE during 20 min of passive recovery with a mean bias of + 15.7%. Jung et
al. (2021) predicted post-exercise EPOC from fat-free mass and accumulated heart rate, with standard errors
corresponding to approximately 18–22% of mean measured EPOC across exercise protocols. Moon et al. (2023) used
machine learning and participant characteristics to estimate combined exercise-plus-EPOC EE, achieving correlations
with indirect calorimetry of up to 0.976, although recovery accuracy was not reported separately. Although these error
metrics are not directly comparable, the present demographic-free recovery result is of a similar order of magnitude to
previous EPOC prediction error, but it is a systematic bias rather than random error. Overall, the answer to the third
research question is a qualified yes in this development cohort: PHM estimated light sedentary EE with low mean bias
but population-equation-level individual error, and recovery EE with moderate systematic overestimation, without using
age-, sex-, or height-based population equations. Because both states informed the calibration, this demonstrates
feasibility rather than validated demographic-free estimation.

Activity-state detection and wearable implementation
The results from research question 2 also suggest a straightforward route for improving wearable implementation. PHM
currently uses broad state-specific mappings for work/other activity, walking, exercise, and recovery. Walking has its own
multiplier, but running, cycling, resistance exercise, and stair locomotion share the broader exercise mapping. The
different errors observed among those modes suggest that this classification may be too coarse. Accelerometry can
distinguish common activity modes such as walking, sitting, standing, running and cycling (Sadeghi Janbahan and
Espin-Garcia 2026). A wearable could thus identify activity modes and allow PHM to select a corresponding HR–
metabolic mapping to improve EE prediction. This follows the logic of branched HR–accelerometry models (Brage et al.
2004, 2015). This also means that free-living accuracy may depend on activity profile rather than demographic profile. A
largely sedentary individual whose activity consists mainly of walking may be easier to model than a frequent cyclist or
gym user spending substantial time in modes with less stable HR–EE relationships. That is a testable prediction, not a
conclusion from the present study, and should be examined during external free-living validation.

Limitations
The main limitation is that empirical coefficients, including the Pc multiplier and the HRmax offset, were fine-tuned in the
same cohort used for evaluation, making the reported performance optimistic relative to independent data. External
validation with coefficients fixed a priori is therefore essential. Broad activity-state labels were supplied from the
annotated protocol, and automatic detection from wearable sensors was not evaluated. The exercise bouts were
relatively short and followed by brief recovery periods, limiting evaluation of EE estimation during prolonged exercise and
extended post-exercise recovery. Reference EE was computed from gas exchange with the Weir equation and therefore
excludes energy from lactate accumulation and phosphocreatine breakdown, which can be substantial in bouts of 30–
60 s and near exhaustion (Briand et al. 2025; Ferretti and di Prampero 2026). Mode-level errors for brief resistance bouts
partly reflect this limitation of the criterion.

The individual inputs were not independent of the evaluated data: HRmax and vVT2 came from the CPET that formed part

of the criterion session, and E from its recovery. In practice these inputs would be estimated in the field with additional
error, and session EE was sensitive to E (approximately + 3.6% per + 0.05 increase in E; Online Resource 1), so the
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present results represent a best case with respect to input accuracy. The sample was small (n = 20), healthy, normal-
weight, and age-limited, and the single supervised session did not include sleep or environmental variation. Indirect
calorimetry is also subject to breath-by-breath variability and is less reliable for very short bouts (Guidetti et al. 2018;
Perez-Suarez et al. 2018). Full wearable validation therefore requires independent cohorts, field-estimated HRmax/vVT2/E,
automatic activity-state detection, and ultimately free-living comparison with doubly labelled water (Schoeller et al.
1986), consistent with current recommendations for validation of wearable EE estimation (Argent et al. 2022).

Conclusion
In this development cohort, PHM reproduced total session EE closely, while activity-mode accuracy varied systematically
and was highest during rhythmic locomotion. Light sedentary EE was estimated with little mean bias without explicit
age-, sex-, or height-based population equations, although individual error was similar to that of such equations, whereas
recovery and some resistance or eccentric activities remained more challenging. These findings suggest that
individualized heart-rate physiology can provide a useful basis for EE estimation, but that activity context matters.
External validation with fixed coefficients, field-estimated inputs, and automatic activity classification is now required,
followed by free-living evaluation across different activity profiles.
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Figures

Figure 1

Experimental protocol. Representative images and timeline of the single-session protocol, comprising three phases:
Phase A (Work, ~1 h of seated/standing office work activity), Phase B (Exercise, a non-rhythmic circuit of cycling, bicep
curls, lunges, push-ups, squats, planks, and stair ascent/descent), and Phase C (CPET/recovery, comprising preparation,
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seated rest, treadmill walking, treadmill running to volitional exhaustion, and seated recovery). Blocks are colored by
phase and drawn to scale in time. Created in BioRender. Steinarsson, A. (2026) https://BioRender.com/saqamnx

Figure 2

Whole-session agreement between PHM-estimated and reference energy expenditure (n = 20). (A) Bland–Altman plot of
per-participant session totals; the solid line is the mean bias (−0.9 kcal) and dashed lines the 95% limits of agreement
(−33.6 to +31.7 kcal). (B) PHM versus reference session totals with the line of identity (dashed) and the ordinary-least-
squares fit (solid); Pearson r= 0.98, Lin's concordance correlation coefficient = 0.98, slope = 0.92.
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Figure 3

Agreement between PHM-estimated and reference energy expenditure by activity mode. Mean bias (PHM − ref)/ref,
expressed as a percentage, for each activity mode; error bars are ± SD across participants (n = 20). The shaded band
marks ± 10%.
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Figure 4

Second-by-second energy expenditure from the physiological heart-rate model (PHM, blue) and indirect calorimetry
(reference; Cosmed K5, black). (A) Whole session for a representative participant (deviation +0.2%); heart rate (right
axis) and protocol-phase shading shown for context; dashed box marks the exercise circuit in (B). (B) The exercise
circuit averaged across all participants (cohort mean, n = 20), aligned by activity mode and plotted against mean elapsed
circuit time; shaded bands are ± 1 SE.
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