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Conventional methods for estimating AEE and RMR

In this section we discuss the implementation of the TEE decomposition meth-

ods whose performance has been compared to that of the penalised spline re-

gression model.

Linear regression. The traditional approach to determine the contribution of

activity to TEE is to regress the sampled values of TEE against the measured

intensity of PA [1–3]. The y-intercept of the regression line then corresponds

to the average RMR and the slope corresponds to the average caloric cost of

activity.

We implemented the linear regression model taking into account the delay

induced by the gas diffusion in the metabolic chamber. That is, we correlated

the measured TEE time sequence with the PA sequence convolved with hdelay

TEE(tTEE) = 1nµRMR + α H PA(tPA) + ε

with 1n the n×1 vector with ones, µRMR the average RMR, and other variables

as described in the Methods Section of the main article. Hence, the RMR is

assumed to be constant in time: RMR(tTEE) = 1nµRMR. Assuming that the

error vector ε is normal, zero mean and independent and identically distributed,

the regression coefficients were estimated by ordinary least squares[
µ̂RMR

α̂

]
= (XTX)−1XT TEE(tTEE)

with the design matrix X = [ 1n , H PA(tPA) ].
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Averaging of TEE for zero activity. Another frequently used approach is to de-

termine the RMR by averaging the TEE over periods in which physical activity

is minimal [4, 5]. As for the previous method, this approach only estimates the

average RMR:

µ̂RMR = (zTz)−1zT TEE(tTEE)

with z the n × 1 vector that contains ones for the time points for which the

activity is sufficiently low and zeros otherwise. The criterion used in our study

for zero activity was when H PA(tPA) dropped below 5% of the average PA

intensity. The cost of activity was subsequently calculated by dividing the dif-

ference of average TEE and µ̂RMR by the average amount of PA.

Kalman Filtering. In contrast to the former two methods, which do not take

the time-dependency of the RMR into account, Even proposed to model the

RMR as a random process that varies with time [6]. The relation between the

RMR, CCA, AEE and TEE and the diffusion effects of the gas exchange are

expressed as a state space model

RMRi+1 = RMRi + ηRMR

CCAi+1 = CCAi + ηCCA

AEEi+1 =
(
1− T

τ1

)
AEEi +

T
τ1
PAi · CCAi + ηAEE

TEE′
i+1 =

(
1− T

τ2

)
TEE′

i +
T
τ2
RMRi +

T
τ2
AEEi + ηTEE

TEEi = TEE′
i + ε

That is, RMR and CCA are modelled as autoregressive random processes of

order one, with ηRMR and ηCCA the process noises. The subscript i is shorthand

notation for the time instance at which a measurement was taken. The diffusion

effects of the gas exchange are approximated by first order discrete-time filters,

with T the sample time and τ1 and τ2 the washout times of the subject and

chamber volume as defined in the Methods Section of the main article. The term

TEE′ corresponds to the total energy expenditure at the outlet of the chamber

without the sensor noise ε. The error terms ηAEE and ηTEE permit the AEE

and TEE′ to diverge from the prediction as based on the CCA, PA and RMR

alone. Note that in this notation it is implicit that TEE and PA are sampled

with the same sample time T and at the same time instances.

Estimates of the state vector, and hence of the RMR and AEE, can be

obtained by means of Kalman filtering. Kalman filtering is a method of numer-

ical filtering that works by recursively predicting the future state of the system

and subsequently correcting it with the measured output of the system; for a
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comprehensive discussion on the Kalman filter equations, please see [6, 7]. The

performance of the Kalman filter depends on the choice of the initial state vector

and on the (co)variances of the process noises ηRMR, ηCCA, ηAEE, ηTEE and the

measurement noise ε. In general the process noise variances are unknown, and

appropriate values must be found by manually tuning the Kalman filter [6].

Here we selected values for the process noises as to optimise the estimation

accuracy of the Kalman filter of the average and time-dependent RMR on the

simulated datasets. The initial state vector was determined by linear regression.

Since the model equations describe the RMR at the level of the subject, in the

validation study the time series were filtered with

hchamber(t) =

{
1
τ2
e−

t
τ2 t ≥ 0

0 t < 0

In this way the RMR was obtained as it would be measured at the level of the

outlet of the metabolic chamber, such that comparison with the results of the

P-spline model was possible. An adjustment was made to the Kalman filter

model equations by replacing the ratios T
τ1

and T
τ2

by the terms 1− exp
(
− T

τ1

)
and 1 − exp

(
− T

τ2

)
respectively. The corrected terms provide more accurate

time discretisations that guarantee impulse invariance of the filter [8], whereas

the former are only accurate for low sample times (i.e. τ1 ≫ T and τ2 ≫ T ) and

cause the filter to become unstable if these conditions are not being met.
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