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Abstract

Machine learning models to predict energy expenditure (EE) from accelerometer data have

traditionally been trained on data from laboratory-based activity trials. However, accuracy is
typically attenuated when implemented in free-living scenarios. Currently, no studies involv-
ing preschool children have evaluated the accuracy of EE prediction models trained on labo-
ratory (LAB) under free-living conditions.

Purpose

To evaluate the accuracy of LAB EE prediction models in preschool children completing a
free-living active play session. Performance was benchmarked against EE prediction mod-
els trained on free living (FL) data.

Methods

25 children (mean age = 4.1+1.0 y) completed a 20-minute active play session while wear-
ing a portable indirect calorimeter and ActiGraph GT3X+ accelerometers on their right hip
and non-dominant wrist. EE was predicted using LAB models which included Random For-
est (RF) and Support Vector Machine (SVM) models for the wrist, and RF and Artificial Neu-
ral Network (ANN) models for the hip. Two variations of the LAB models were evaluated; 1)
an “off the shelf” model without additional training; 2) models retrained on free-living data,
replicating the methodology used in the original calibration study (retrained LAB). Prediction
errors were evaluated in a hold-out sample of 10 children.

Results

Root mean square error (RMSE) for the FL and retrained LAB models ranged from 0.63—
0.67 kcals/min. In the hold out sample, RMSE'’s for the hip LAB (0.62—-0.71), retrained LAB
(0.58-0.62) and FL models (0.61-0.65) were similar. For the wrist placement, FL SVM had
a significantly higher RMSE (0.73 £ 0.29 kcals/min) than the retrained LAB SVM (0.63
0.30 kcals/min) and LAB SVM (0.64 + 0.18 kcals/min). The LAB (0.64 + 0.28), retrained LAB
(0.64 £ 0.25), and FL (0.62 + 0.26) RF exhibited comparable accuracy.
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Conclusion

Machine learning EE prediction models trained on LAB and FL data had similar accuracy
under free-living conditions.

Introduction

Accelerometer based-motion sensors are the most widely recognized and preferred device to
objectively measure physical activity in young children [1, 2]. To date, most applications of
accelerometry to predict physical activity intensity and/or energy expenditure (EE) have relied
on simple linear regression using proprietary activity counts or other representations of accel-
eration magnitude as the only independent variable [3-6]. Although this approach provides
predictions with moderate-to-strong positive correlations with measured EE [7-10], the accu-
racy of linear regression methods at the individual level of measurement is typically low, with
coefficient of variation statistics ranging between 20% to 99% [9, 11]. Further, intensity related
cut-points derived from simple linear regression models or receiver operating characteristic
(ROC) curves have significant measurement error. Validation studies involving independent
samples of children indicate that cut-point approaches misclassify the true intensity of physical
activity 35% to 45% of the time [9, 12].

One approach to accelerometer data reduction that has potential to significantly improve
device-based measurement of physical activity and sedentary behaviour is pattern recognition
or machine learning [13, 14]. Pattern recognition is a branch of artificial intelligence con-
cerned with classifying or describing observations. Widely used in business, robotics, medi-
cine, and engineering, the goal of pattern recognition is to predict future outcomes based on
previous knowledge or recognizable features in the raw data [15-17]. State-of-the-art super-
vised learning algorithms, such as random forest (RF), support vector machine (SVM), and
artificial neural networks (ANN) have been shown to be more accurate than traditional simple
linear regression approaches at the group and individual level [18-20]. The EE prediction
errors associated with these models are 25% to 50% smaller in magnitude than those obtained
with regression-based cut-point methods [12].

To date, few investigators have implemented machine learning approaches to derive accel-
erometer-based EE prediction models for children under five. Due to developmental differ-
ences in movement competence and the energy cost of physical activities [21], accelerometer-
based EE prediction models developed for adults and school-aged children are not generaliz-
able to preschool-aged children [22]. Zakeri et al. [23] derived accelerometer EE prediction
models for preschool-aged children using cross-sectional times-series (CSTS) and multivariate
adaptive regression splines (MARS). When evaluated in a whole room calorimeter during the
waking hours, root mean square error (RMSE) ranged from 0.05 to 0.10 kcals/min, with the
MARS model providing lower prediction errors than the CSTS model. Both prediction models
were subsequently cross-validated in an independent sample of 109 children under free-living
conditions using doubly labelled water as a criterion measure [24]. RMSE for the CSTS and
MARS models was 105 kcals/day (mean percent error = 4.1%) and 139 kcals/day (mean per-
cent error = 7.5%), respectively. Although the models performed well under free-living condi-
tions, they were trained on proprietary activity counts from the ActiGraph accelerometer
which cannot be generalized to other makes and models of accelerometers [25].

EE prediction models trained on features in the raw acceleration signal allows for generaliz-
ability across different monitor brands and provides greater flexibility for models to map
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dependencies and nonlinearities in the data [22, 26, 27]. To date, two studies have developed
machine learning models to predict EE from raw acceleration features in preschool-aged chil-
dren. Chowdhury et al. [19] used features in the raw acceleration signal to train multiple linear
regression (MLR), ANN, and SVM EE prediction models. Nineteen children completed 10
activity trials encompassing sedentary to vigorous activities while wearing accelerometers on
both wrists and the right hip. The RMSE for the best performing wrist (SVM) and hip (ANN)
models was 0.63 and 0.55 kcals/min, respectively. More recently, Steenbock et al. [28] trained
and evaluated a number of machine learning EE prediction models in a sample of 41 pre-
school-aged children. Participants completed nine structured activity trials (five preselected,
and four chosen by the child) while wearing accelerometers on both wrists, right and left hip,
and right thigh, as well as a portable calorimeter. The investigators evaluated mixed-model lin-
ear regression, MLR, RF, and ANN prediction models. RMSE ranged from 0.61 to 0.66 kcals/
min, with the RF wrist model exhibiting the smallest prediction error.

Although the aforementioned studies show that machine learning EE prediction models
are feasible and provide accurate estimates of EE, it is important to note that the models were
trained using accelerometer data from laboratory-based activity trials. Previous studies have
demonstrated that machine learning models trained on laboratory-based activity trials do not
perform well when deployed in free living environments [29, 30]. Therefore, to progress
research on the application of machine learning approaches for accelerometer-based physical
activity assessment, it is imperative to evaluate the prediction accuracy of laboratory trained
EE prediction models under free-living conditions and benchmark performance against EE
prediction models trained on true free-living data. However, to our knowledge, no previous
studies have developed and tested machine learning EE prediction models for preschool-aged
children trained on free-living data. To address this gap in the research literature, the purpose
of the current study was to: 1) develop and test machine learning EE prediction models for
preschool-aged children trained on features in free-living accelerometer data; and 2) compare
the performance of these models against EE prediction models trained on laboratory-based
activity trials.

Methods
Participants and setting

Twenty-five children between the ages of 3-5 years (mean = 4.1 + 1.0 y) completed a 20-minute
active free play session at a location chosen by the parent or guardian. Children were recruited
through a University email list-serve, local media, and word of mouth. The locations of the
active free play session included the family home, community parks, and local green spaces.
The research team provided age-appropriate toys and play equipment; however, children were
free to engage in any activity they desired. This allowed for natural activity behaviour, transi-
tions, and engagement with peers and the environment. The sample was evenly distributed
across the age range (36% 3y, 28% 4 v, and 36% 5 y) and comprised 5 girls and 20 boys. Prior to
participation, parental written consent was obtained. The study was approved by the Queens-
land University of Technology’s Human Research Ethics Committee (1700000423).

Study design

Fifteen children were randomly assigned to the training sample to develop and evaluate the
free-living EE prediction models. The remaining 10 children served as a hold-out test sample
to independently evaluate the prediction accuracy of the new free-living EE prediction models
and benchmark their performance against previously published laboratory-based EE predic-
tion models for preschool-aged children.
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Instrumentation. During each active free play session, participants wore a MetaMax 3B
portable indirect calorimetry unit (Cortex Biophysical Gmbh; Leipzig, Germany) and an Acti-
Graph GT3X+ accelerometer (ActiGraph Corporation; Pensacola, FL, USA) on their right hip
and non-dominant wrist. During each session, a member of the research team used a Go-Pro
Hero 5 (GoPro, Inc, San Mateo, CA) camera to video record participants for subsequent direct
observation coding of activity type.

Indirect calorimetry. The Metamax 3B portable calorimeter was fitted using a flexible
face mask and chest harness, which was appropriately tightened using adjustable straps. The
device and chest harness had a total weight of 1.1 kg, making it feasible for use with young chil-
dren. Following calibration according to manufacturer specifications, respiratory rate, oxygen
consumption (VO,) and carbon dioxide production (VCO,) were measured breath-by-breath
using a Triple-V-Turbine, an electrochemical cell and an infrared analyser, respectively.
Breath-by-breath VO, data was averaged over a 10 s window and then smoothed using a 60 s
moving average [31, 32]. VO, was converted to units of EE (kcal min™') using the Weir equa-
tion [33]. To address any confounding related to differences in resting metabolic rate, energy
expenditure was also expressed as Metabolic equivalents (METs). MET's were calculated by
dividing measured energy expenditure by predicted resting energy expenditure, where resting
energy expenditure was estimated from the participant’s sex, height, and body mass using
Schofield’s equation for children aged 3 to 10 y [34].

Accelerometer. The ActiGraph GT3X+ is a small and lightweight activity monitor that
measures acceleration along three orthogonal axes with a dynamic range between +/- 8 gand a
sampling frequency between 30-100 Hz. For the current study, the sampling frequency was set
to 100 Hz. For the hip location, the accelerometer was positioned on the right mid-axilla line
at the level of the iliac crest. For the wrist location, the accelerometer was positioned on the
posterior side of the arm, between the radial and ulnar styloid processes.

Development and evaluation of free-living EE models. There were three steps involved
in developing the free-living (FL) EE prediction models: 1) data pre-processing and feature
extraction, 2) feature selection, and 3) model training and testing.

Data pre-processing and feature extraction. The tri-axial accelerometer signal was con-
verted into a single-dimension vector magnitude (VM) and segmented into 10s non-overlapping
sliding windows. Time and frequency domain features found to have utility in previous studies
[35, 36] were then extracted from each window for each axis and VM, and included: mean, stan-
dard deviation, coefficient of variation, percentiles (10, 25™, 50", 75", 90™), skewness, kurtosis,
maximum, minimum, peak-to-peak, median crossings, zero crossings, sum, mean absolute devia-
tion, power, lag-1 autocorrelation, log energy, inter-quartile range, variance, active samples, num-
ber of activations, mean activation interval duration, activation interval duration variability,
cross-axis correlations, dominant frequency (0.25 to 5.0 Hz), and dominant magnitude (0.25 to
5.0 Hz). In addition, mean orientation angles for tilt, roll, and pitch were calculated. The resultant
feature dataset was synchronized with the measured EE values by aligning date-time stamps.

Feature selection. Minimum Redundancy Maximum Relevance (mnRMR) feature selec-
tion was used to identify features with high discriminative ability [37]. Minimum redundancy
favours features that have low dependency to other features without considering how impor-
tant they are to the outcome variable, whereas maximum relevance selects features that are the
most predictive of the outcome variable. The mRMR selection process is based on a balance
between these two algorithms, selecting features that derive high relevance and low redun-
dancy. Feature selection was constrained to the 10, 15, and 20 best features.

Model training and testing. To replicate the methodology used in previously published
laboratory-based (LAB) EE models for preschool-age children, the supervised learning algo-
rithms used in this study were RF and ANN for the hip; and RF and SVM for the wrist. The
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models were implemented using the “randomForest” [38], “kernlab” [39], “nnet” [40] and
“caret” [41] packages within R Software [42]. During the training process each model was opti-
mized using RMSE as the optimization criterion. The hip and wrist RF models were set to 500
trees and the number of features randomly sampled at each node was optimized at three; the
hip ANN used a single hidden layer and was optimized at 11 neurons and a weight decay of
0.1; the wrist SVM was configured with a radial basis kernel function and optimized with a
cost parameter and gamma estimation of 6.0 and 0.1, respectively. Predictive accuracy was
evaluated using leave-one-subject- out cross-validation (LOSO-CV). The performance metrics
were the Root Mean Square Error (RMSE) and the Mean Absolute Percent Error (MAPE).
MAPE is calculated as the average absolute percent error for predicted EE minus actual mea-
sured EE divided by measured EE; and provides an indication of the magnitude of prediction
error relative to observed EE.

Table 1. Features selected for free-living models.

Feature (axis) RF SVM ANN
Wrist Hip Wrist Hip

10th percentile (x) 4

10th percentile (z) v v

25th percentile (x) v v

25th percentile (z) 4 v

50th percentile (vim) v v

90th percentile (x) v v

activation interval duration variability (z)* v v

coefficient of variation (x) v v

coefficient of variation (y) v v

coefficient of variation (z) v v v v

cross-correlation (xz)

cross-correlation (yz) v v

dominant frequency (y) v v v v

dominant frequency (vm) v 4

magnitude of dominant frequency (z) v

maximum (x) v v

mean absolute deviation (x) v v

minimum (vm) ' v v v

minimum (x) ' v v v

minimum (y) 4 v v v

number of activations (vm)* v v

number of activations (x)* v

peak to peak (x) v

power (z) v v

skewness (y) v v

skewness (z) v

standard deviation (vm) v v

standard deviation (z) v v

zero crossings (x) v v v v

zero crossings (z) ' v

*Activation interval duration variability and number of activations features were extracted by using the rectified
signal with a 4™ order Butterworth filter 5Hz lowpass cut off. [43]

https://doi.org/10.1371/journal.pone.0233229.t001
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Comparison with laboratory-based EE models. The accuracy of the newly derived free-
living EE prediction models were compared to the LAB Hip RF and Wrist RF EE prediction
models developed by Steenbock et al. [28], and the Hip ANN and Wrist SVM EE prediction
models developed by Chowdhury et al. [19]. Two variations of the laboratory-based models
were evaluated; one in which the models were implemented as an “off the shelf” model without
additional training, and one in which the models were retrained on the free-living data, repli-
cating the methodology used in the original calibration study (retrained LAB). The perfor-
mance metrics were RMSE and MAPE.

Statistical analysis

Differences in RMSE statistics between the LAB, retrained LAB, and FL models were tested for
statistical significance using a one-way repeated measures ANOVA. Statistical significance was
set at an alpha level of 0.05. When the ANOVA F-ratio was significant, the Fisher LSD proce-
dure was used to determine the locations of significant pairwise differences. Additionally,
Bland-Altman plots were created to examine mean bias and 95% limits of agreement (LOA)
for total EE expended during the free-living activity session.

Results

On average, participants expended 33.7 + 12.2 kcals during the free play session. Based on the
direct observation coding of the video files, participants completed a wide range of activities,
engaging in energetic play, walking, and running for an average of 11.7 + 4.0, 2.8 + 1.9, and
2.4 + 1.1 min, respectively. The average duration of seated activities was 4.3 + 2.3 min.

LOSO cross-validation

The FL prediction models with the best LOSO-CV performance were tested in the hold-out
sample. The best performing Hip RF model had 20 features, while the best performing Hip
ANN model had 15 features. The best performing Wrist RF and Wrist SVM models both had
15 features. The features selected for the FL models are reported in Table 1. The final FL mod-
els along with sample data and R code for implementation can be found in the following link:
https://github.com/MA-QUT/Preschool_EE_Models_PLOS_One.

Table 2. Leave one subject out cross-validation results for the free-living models and retrained lab model.

Prediction Model RMSE MAPE
Kcals/min METs %
Hip
Free-Living RF 0.63 (0.42) 0.96 (0.59) 28.1(12.0)
ANN 0.63 (0.43) 0.96 (0.61) 27.1(11.1)
Retrained Lab RF Lab 0.67 (0.41) 1.02 (0.57) 28.3 (12.7)
ANN Lab 0.65 (0.44) 0.99 (0.62) 28.4 (11.8)
Wrist
Free-Living RF 0.63 (0.47) 0.96 (0.67) 27.4 (14.0)
SVM 0.64 (0.51) 0.99 (0.73) 25.4 (12.2)
Retrained Lab RF Lab 0.66 (0.47) 1.01 (0.67) 28.3 (15.0)
SVM Lab 0.65 (0.54) 0.99 (0.77) 26.0 (12.6)

Numbers represent: Mean (SD); RF: Random Forest; ANN: Artificial Neural Network; SVM: Support Vector Machine

https://doi.org/10.1371/journal.pone.0233229.t1002
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RMSE and MAPE statistics for the FL and retrained LAB models are reported in Table 2.
The RMSE for the FL Hip RF and ANN models was 0.63 kcals/min (0.96 METs) and MAPE
ranged from 27.1% to 28.1%. The retrained LAB Hip RF and ANN models exhibited compara-
ble performance to the FL models with slightly higher RMSE’s (0.65-0.67 kcals/min, 0.99-1.02
METs) and MAPE statistics (28.4%). The FL Wrist RF and SVM models exhibited RMSE’s of
0.63 (0.96 METs) and 0.64 kcals/min (0.99 METs), respectively; with MAPE statistics between
25.4% - 27.4%. The retrained LAB Wrist RF and SVM models exhibited comparable perfor-
mance to the FL models with RMSE’s of 0.65-0.66 kcals/min (0.99-1.01 METs) and MAPE
statistics ranging from 26.0% to 28.3%.

Evaluation in hold-out sample

RMSE and MAPE statistics for the off the shelf LAB, retrained LAB, and FL models in the
hold-out sample are displayed in Figs 1 and 2. For the hip placement (Fig 1), RMSE’s ranged
from 0.58 (0.92 METs) for the retrained LAB ANN to 0.71 kcals/min (1.1 METs) for LAB RF.
MAPE’s ranged from 25.8% to 36.4%. RMSE’s for the FL and retrained LAB models were simi-
lar to their LOSO results and differed by less than 0.06 kcals/min. There were no significant
differences in the RMSE’s for the off the shelf LAB, retrained LAB, and FL prediction models
(Fs.45 = 0.85, p = 0.53).

For the wrist placement (Fig 2), RMSE’s ranged from 0.62 for the FL RF model to 0.73
kcals/min (0.96-1.15 METs) for the FL SVM model. MAPE’s ranged from 26.4% to 33.1%.
RMSE’s for the FL and retrained LAB were similar to their LOSO results and differed by less
than 0.06 kcals/min, with the exception of the FL SVM model which differed by 0.09 kcals/
min. RMSE was significantly different across EE prediction models (F5 45 = 2.36, p = .05).

= Root Mean Square Error (Kcals/min) Root Mean Square Error (METSs)
= @ Free-living 0
O Retrained -~
O Laboratory
- = 1
il H 1
=
v
o
= o
- = Random Forest Artificial Neural Network
€
T
< Mean Absolute Percent Error
3 2]
g o
o T
o |
< Random Forest Artificial Neural Network Random Forest Artificial Neural Network

Fig 1. Results for the free-living, retrained laboratory, and off the shelf laboratory models for the hip placement in the hold-out validation sample. Error bars
represent standard error.

https://doi.org/10.1371/journal.pone.0233229.g001
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Fig 2. Results for the free-living, retrained laboratory, and off the shelf laboratory models for the wrist placement in the hold-out validation sample. *Significantly
different from the retrained Support Vector Machine (p < 0.05) and off the shelf lab Support Vector Machine (p < 0.05). Error bars represent standard error.

https://doi.org/10.1371/journal.pone.0233229.9002

Post-hoc analysis showed that the RMSE for the FL SVM model (0.73 kcals/min) was signifi-
cantly higher than the off the shelf LAB SVM (0.64 kcals/min) and retrained LAB SVM models
(0.63 kcals/min). No other significant differences were detected.

Prediction of free play total EE

Bland-Altman plots depicting the agreement between predicted and observed total EE during
the free play session are displayed in Figs 3 and 4. For the hip placement (Fig 3), all six predic-
tion models exhibited evidence of positive proportional bias (r = 0.81 to 0.89) in which EE was
overestimated during play sessions with low total EE and underestimated during play sessions
with high total EE. With the exception of the LAB Hip RF, the mean bias was not significantly
different from zero and predicted EE estimates were within + 6% of directly measured EE.
However, the 95% LOA’s were wide for all models. Based on the line of best fit, the lower and
upper prediction limits for an individual ranged from -92.6% to 6.8% at 10 kcals, -55.8% to
33.5% at 30 kcals, and -26.5% to 67.6% at 50 kcals.

For the wrist placement (Fig 4), all six prediction models displayed a similar pattern with
evidence of proportional bias (r = .75 to .83). Mean bias was not significantly different from
zero and was within + 6% of directly measured EE. However, for all the models, the 95%
LOA’s were wide. Based on the line of best fit, the lower and upper prediction limits for an
individual ranged from -92.5% to 21.7% at 10 kcals, -52.3% to 42.8% at 30 kcals, and -26.8% to
80.1% at 50 kcals, respectively.

Discussion

Machine learning models for predicting EE in young children have been shown to accurate
when evaluated under laboratory conditions. However, to advance the application of machine
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Fig 3. Bland Altman plots depicting regression line and 95% prediction intervals for off the shelf laboratory, retrained laboratory, and free-living models for hip
placement. Y-axis values represent percent error (observed-predicted EE). X-axis values represent observed energy expenditure values (kcals).

https://doi.org/10.1371/journal.pone.0233229.9003

learning methods for the assessment of physical activity, EE prediction models trained on data
from laboratory-based activity trials need to be evaluated in independent samples under true
free-living conditions. To our knowledge, this is the first study to evaluate the accuracy of
machine learning EE prediction models for preschool-aged children under true free-living
conditions. Furthermore, this is the first study to benchmark the performance of EE prediction
models trained on free-living data against models trained on laboratory-based activity trials.
The results indicate that EE prediction models trained on laboratory data exhibit comparable
accuracy to models trained on free living data under free-living conditions. The laboratory
trained models exhibited RMSE’s within 0.10 kcals/min of the free-living models. Moreover,
RMSE’s for the hip and wrist laboratory-trained models were within 0.07 kcals/min and 0.03
kcals/min of their laboratory cross-validation performance, respectively.

Our finding that laboratory-based models exhibit similar prediction accuracy to models
trained on free-living data was unexpected and contrary to the results reported in studies eval-
uating laboratory trained activity classification models under free-living conditions [29, 30].
The discrepancy in findings may be attributable, at least in part, to differences in the inherent
variability of the prediction targets. Laboratory trained activity classification models do not
generalise well in free living scenarios because children can perform specific physical activities
in multiple ways, depending on the child’s motor competence and the constraints imposed by
physical and social environment. On the other hand, the resultant energy expenditure of per-
forming physical activities is a physiological response, influenced to a lesser extent by personal
and environmental constraints, making the EE predictions of laboratory trained models more
robust under free living conditions. In support of this concept, walking style or gait differs so
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placement. Y-axis values represent percent error (observed-predicted EE). X-axis values represent observed energy expenditure values (kcals).

https://doi.org/10.1371/journal.pone.0233229.9004

much between individuals it can be used as a biometric identifier, similar to fingerprinting
and facial recognition [44]. In comparison, the energy cost of self-paced walking varies much
less between individuals, with published MET values for school-aged children ranging from
3.6 to 3.9 METSs [45, 46].

With the exception of the LAB Hip RF model, all of the EE prediction models provided
acceptable group level estimates of total EE within + 6% of measured EE. However, the pre-
diction limits for an individual were wide and all models exhibited strong evidence of pro-
portional bias in which EE was overestimated for play sessions with low total EE and
underestimated for play sessions with high total EE. The systematically larger prediction
errors observed for play sessions with low and high total EE is difficult to explain. However,
given the relatively short duration of the free play sessions, and the pulsatile nature of young
children’s movement behaviours, there may have been insufficient training instances with
low and high physical activity intensity for the models to make accurate predictions across
the full physical activity intensity continuum. Notably, the laboratory-based and free-living
models were trained on data where 75% of the directly measured EE values were between
1.4 to 2.5 kcals/min (2.2 to 3.8 METs). Therefore, it is possible that the models were less
than adequately fitted to provide accurate EE predictions outside this range. As a result, EE
for a play session tended to be overestimated if physical activity intensity was predomi-
nantly low and underestimated if physical activity intensity was mostly high (see S1 Fig). To
increase the accuracy of EE prediction models, future studies should train models using
datasets with sufficient number of training instances at the low and high end of the physical
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activity intensity continuum. This could be achieved through increasing the number of par-
ticipants and/or the number of active play sessions which would provide opportunities to
collect data in a greater variety of environmental contexts that are conducive to low and
high physical activity intensity.

The current study had several strengths. Specifically, all models were evaluated in an inde-
pendent hold out sample of children engaging in unconstrained activities in a variety of loca-
tions. Additionally, prediction models for both the hip and wrist were evaluated. The hip and
wrist are the most common wear locations for accelerometers [47]. Therefore, the accuracy of
models for these two locations have the most relevance for researchers and health practition-
ers. It is worth noting that, under free living conditions, the wrist and hip models displayed
comparable accuracy for estimating EE. Third, the laboratory-based Hip RF model was trained
on data collected by a GENEactiv monitor and consistent model accuracy was observed when
applied to data collected by an ActiGraph monitor. Despite reported differences in accelera-
tion values recorded by different monitor brands [48, 49], the consistent accuracy of the model
between monitors is an indication of generalizability between monitor brands and further sup-
ports the use of prediction models trained on raw acceleration data [25, 27].

Offsetting these strengths were several study limitations. First, due to the demands of the
data collection protocol, the active play sessions were restricted to 20 minutes. Although par-
ticipants engaged in a broad range of physical activity behaviours typically performed by pre-
school-aged children, longer play sessions or multiple play sessions for each participant would
have provided the opportunity for more free-living active play evaluations in different environ-
mental contexts which may have allowed for participants to engage in more activities at the
low and high end of the physical activity intensity continuum. Second, the study had a rela-
tively small training and hold-out sample. However, the sample size of 25 children provided
adequate data to both train and test the machine learning models. With 15 children, the
20-minute free living play sessions generated 1,578,000 data points providing 1,578 10-second
windows to train models. With 10 children in the hold-out set, there were 974,000 data points
providing 974 10-second windows to test the models. Third, the free-living models did not use
lag and lead features from adjacent windows. This would have provided more information for
model predictions and/or accounted for the dependence between adjacent windows. However,
in order to make direct comparisons with the laboratory-trained models, the free-living mod-
els used the same feature sets and did not include information from adjacent windows. Fourth,
the study participants were healthy typically developing children. As such, the models evalu-
ated are not generalizable to clinical populations with movement impairments or elevated
energy cost of locomotion.

Conclusions

In summary, when evaluated under true free-living conditions, laboratory-trained accelerome-
ter EE prediction models for preschool-aged children exhibited similar accuracy to models
trained on free-living data. Although the laboratory-based models generalized well to a free-
living environment and exhibited acceptable accuracy at the group level of measurement, the
strong evidence of proportional bias and wide prediction limits exhibited by all the models
suggests that they may be inappropriate for predicting EE in individuals. To improve predic-
tive accuracy, future studies should train models using accelerometer data with enough train-
ing instances of physical activity with low and high EE for accurate prediction over the
complete physical activity intensity continuum. In addition, the inclusion of physiological sen-
sor data such as heart rate or person-level features such as height and weight may improve
accuracy.
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Supporting information

S1 Fig. Density distribution of observed kcals/min for training data and scatter plot of pre-
dicted and observed kcals/min in hold-out data. Orange indicates observed EE between 1.4
and 2.5 kcals/min; Blue indicates observed EE <1.4 and >2.5 kcals/min.

(DOCX)

Acknowledgments

We thank the families for their participation and Dr. Denise K. Brookes for her contributions
throughout the study.

Author Contributions

Conceptualization: Matthew N. Ahmadi, Stewart G. Trost.

Formal analysis: Matthew N. Ahmadi.

Funding acquisition: Stewart G. Trost.

Investigation: Matthew N. Ahmadi.

Methodology: Matthew N. Ahmadi, Alok Chowdhury, Stewart G. Trost.
Supervision: Alok Chowdhury, Toby Pavey.

Writing - original draft: Matthew N. Ahmadi, Stewart G. Trost.

Writing - review & editing: Matthew N. Ahmadi, Alok Chowdhury, Toby Pavey, Stewart G.
Trost.

References

1. Corder K, Ekelund U, Steele RM, Wareham NJ, Brage S. Assessment of physical activity in youth. J
Appl Physiol. 2008; 105:977-87. https://doi.org/10.1152/japplphysiol.00094.2008 PMID: 18635884

2. Trost SG. Measurement of physical activity in children and adolescents. Am J Lifestyle Med. 2007; 1
(4):299-314.

3. Ekblom O, Nyberg G, Bak EE, Ekelund U, Marcus C. Validity and comparability of a wrist-worn acceler-
ometer in children. J Phys Act Heal. 2012; 9(3):389-93.

4. Puyau MR, Adolph AL, Vohra FA, Zakeri |, Butte NF. Prediction of activity energy expenditure using
accelerometers in children. Med Sci Sports Exerc. 2004; 36(9):1625-31. PMID: 15354047

5. Trost SG, Ward DS, Moorehead SM, Watson PD, Riner W, Burke JR. Validity of the computer science
and applications (CSA) activity monitor in children. Med Sci Sports Exerc. 1998; 30(4):629-33. https://
doi.org/10.1097/00005768-199804000-00023 PMID: 9565947

6. Pate RR, Aimeida MJ, Mclver KL, Pfeiffer KA, Dowda M. Validation and calibration of an accelerometer
in preschool children. Obesity. 2006; 14(11):2000-6. https://doi.org/10.1038/0by.2006.234 PMID:
17135617

7. Phillips LRS, Parfitt G, Rowlands A V. Calibration of the GENEA accelerometer for assessment of phys-
ical activity intensity in children. J Sci Med Sport. 2013; 16(2):124-8. https://doi.org/10.1016/j.jsams.
2012.05.013 PMID: 22770768

8. Freedson P, Pober D, Janz KF. Calibration of accelerometer output for children. Med Sci Sports Exerc.
2005; 37(Suppl 1):523-30.

9. TrostSG, Way R, Okely AD. Predictive validity of three ActiGraph energy expenditure equations for chil-
dren. Med Sci Sports Exerc. 2006; 38(2):380—7. https://doi.org/10.1249/01.mss.0000183848.25845.e0
PMID: 16531910

10. Trost SG. Measurement of physical activity in children and adolescents. Am J Lifestyle Med. 2007; 1
(4):299-314.

PLOS ONE | https://doi.org/10.1371/journal.pone.0233229 May 20, 2020 12/14


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0233229.s001
https://doi.org/10.1152/japplphysiol.00094.2008
http://www.ncbi.nlm.nih.gov/pubmed/18635884
http://www.ncbi.nlm.nih.gov/pubmed/15354047
https://doi.org/10.1097/00005768-199804000-00023
https://doi.org/10.1097/00005768-199804000-00023
http://www.ncbi.nlm.nih.gov/pubmed/9565947
https://doi.org/10.1038/oby.2006.234
http://www.ncbi.nlm.nih.gov/pubmed/17135617
https://doi.org/10.1016/j.jsams.2012.05.013
https://doi.org/10.1016/j.jsams.2012.05.013
http://www.ncbi.nlm.nih.gov/pubmed/22770768
https://doi.org/10.1249/01.mss.0000183848.25845.e0
http://www.ncbi.nlm.nih.gov/pubmed/16531910
https://doi.org/10.1371/journal.pone.0233229

PLOS ONE

Senor enabled prediction of energy expenditure in preschool children

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

Janssen X, Cliff DP, Reilly JJ, Hinkley T, Jones RA, Batterham M, et al. Predictive validity and classifica-
tion accuracy of actigraph energy expenditure equations and cut-points in young children. PLoS One.
2013; 8(11).

Trost SG, Wong W-K, Pfeiffer KA, Zheng Y. Artificial neural networks to predict activity type and energy
expenditure in youth. Med Sci Sports Exerc. 2012; 44(9):1801-9. https://doi.org/10.1249/MSS.
0b013e318258ac11 PMID: 22525766

Bao L, Intille SS. Activity recognition from user-annotated acceleration data. International conference
on pervasive computing. Springer-Verlag;2004 Apr 21.

Foerster F, Smeja M, Fahrenberg J. Detection of posture and motion by accelerometry: a validation
study in ambulatory monitoring. Comput Human Behav. 1999; 15(5):571-83.

Kotsiantis SB, Zaharakis ID, Pintelas PE. Machine learning: a review of classification and combining
techniques. Artif Intell Rev. 2006; 26(3):159-90.

Wang H, Ma C, Zhou L. A brief review of machine learning and its application. In: 2009 International
Conference on Information Engineering and Computer Science, Wuhan;2009 Dec 19-20.

Mjolsness E, DeCoste D. Machine learning for science: State of the art and future prospects. Science.
2001; 293:2051-5. https://doi.org/10.1126/science.293.5537.2051 PMID: 11557883

Liu S, Gao RX, John D, Staudenmayer JW, Freedson PS. Multisensor data fusion for physical activity
assessment. IEEE Trans Biomed Eng. 2012; 59(3):687-96. https://doi.org/10.1109/TBME.2011.
2178070 PMID: 22156943

Chowdhury AK, Tjondronegoro D, Zhang J, Hagenbuchner M, Cliff D, Trost SG, Deep learning for
energy expenditure prediction in pre-school children. Paper presented at the IEEE Conference on Bio-
medical and Health Informatics. Las Vegas;2018 Mar 4-7.

Mackintosh KA, Montoye AHK, Pfeiffer KA, McNarry MA. Investigating optimal accelerometer place-
ment for energy expenditure prediction in children using a machine learning approach. Physiol Meas.
2016; 37(10):1728—40. https://doi.org/10.1088/0967-3334/37/10/1728 PMID: 27653339

Cliff DP, Reilly JJ, Okely AD. Methodological considerations in using accelerometers to assess habitual
physical activity in children aged 0-5 years. J Sci Med Sport. 2009; 12(5):557—67. https://doi.org/10.
1016/j.jsams.2008.10.008 PMID: 19147404

Zakeri IF, Adolph AL, Puyau MR, Vohra FA, Butte NF. Multivariate adaptive regression splines models
for the prediction of energy expenditure in children and adolescents. J Appl Physiol. 2010; 108(1):128—
36. https://doi.org/10.1152/japplphysiol.00729.2009 PMID: 19892930

Zakeri IF, Adolph AL, Puyau MR, Vohra FA, Butte NF. Cross-sectional time series and multivariate
adaptive regression splines models using accelerometry and heart rate predict energy expenditure of
preschoolers. J Nutr. 2013; 143(1):114-22. https://doi.org/10.3945/jn.112.168542 PMID: 23190760

Butte NF, Wong WW, Lee JS, Adolph AL, Puyau MR, Zakeri IF. Prediction of energy expenditure and
physical activity in preschoolers. Med Sci Sports Exerc. 2014; 46(6):1216—26. https://doi.org/10.1249/
MSS.0000000000000209 PMID: 24195866

Wijndaele K, Westgate K, Stephens SK, Blair SN, Bull FC, Chastin SFM, et al. Utilization and harmoni-
zation of adult accelerometry data: review and expert consensus. Med Sci Sports Exerc. 2015; 47
(10):2129-39. https://doi.org/10.1249/MSS.0000000000000661 PMID: 25785929

Liu S, Gao RX, Freedson PS. Computational methods for estimating energy expenditure in human
physical activities. Med Sci Sports Exerc. 2012; 44(11):2138-46. https://doi.org/10.1249/MSS.
0b013e31825e825a PMID: 22617402

Bassett DR Jr, Rowlands A V, Trost SG. Calibration and validation of wearable monitors. Med Sci
Sports Exerc. 2012; 44(Suppl 1):S32

Steenbock B, Wright MN, Wirsik N, Brandes M. Accelerometry-based prediction of energy expenditure
in preschoolers. J Meas Phys Behav. 2019; 2(2):94—102.

Sasaki JE, Hickey AM, Staudenmayer JW, John D, Kent JA, Freedson PS. Performance of activity clas-
sification algorithms in free-living older adults. Med Sci Sports Exerc. 2016; 48(5):941-9. https://doi.org/
10.1249/MSS.0000000000000844 PMID: 26673129

Bastian T, Maire A, Dugas J, Ataya A, Villars C, Gris F, et al. Automatic identification of physical activity
types and sedentary behaviors from triaxial accelerometer: laboratory-based calibrations are not enough.
J Appl Physiol. 2015; 118(6):716—22. https://doi.org/10.1152/japplphysiol.01189.2013 PMID: 25593289

Ross RM, Beck KC, Casaburi R, Johnson BD, Marciniuk DD, Wagner PD, et al. ATS/ACCP statement
on cardiopulmonary exercise testing (multiple letters). Am J Respir Crit Care Med. 2003; 167(10):1451.
https://doi.org/10.1164/ajrccm.167.10.950 PMID: 12738602

Potter CR, Childs DJ, Houghton W, Armstrong N. Breath-to-breath “noise” in the ventilatory and gas
exchange responses of children to exercise. Eur J Appl Physiol Occup Physiol. 1999; 80(2):118-24.
https://doi.org/10.1007/s004210050567 PMID: 10408322

PLOS ONE | https://doi.org/10.1371/journal.pone.0233229 May 20, 2020 13/14


https://doi.org/10.1249/MSS.0b013e318258ac11
https://doi.org/10.1249/MSS.0b013e318258ac11
http://www.ncbi.nlm.nih.gov/pubmed/22525766
https://doi.org/10.1126/science.293.5537.2051
http://www.ncbi.nlm.nih.gov/pubmed/11557883
https://doi.org/10.1109/TBME.2011.2178070
https://doi.org/10.1109/TBME.2011.2178070
http://www.ncbi.nlm.nih.gov/pubmed/22156943
https://doi.org/10.1088/0967-3334/37/10/1728
http://www.ncbi.nlm.nih.gov/pubmed/27653339
https://doi.org/10.1016/j.jsams.2008.10.008
https://doi.org/10.1016/j.jsams.2008.10.008
http://www.ncbi.nlm.nih.gov/pubmed/19147404
https://doi.org/10.1152/japplphysiol.00729.2009
http://www.ncbi.nlm.nih.gov/pubmed/19892930
https://doi.org/10.3945/jn.112.168542
http://www.ncbi.nlm.nih.gov/pubmed/23190760
https://doi.org/10.1249/MSS.0000000000000209
https://doi.org/10.1249/MSS.0000000000000209
http://www.ncbi.nlm.nih.gov/pubmed/24195866
https://doi.org/10.1249/MSS.0000000000000661
http://www.ncbi.nlm.nih.gov/pubmed/25785929
https://doi.org/10.1249/MSS.0b013e31825e825a
https://doi.org/10.1249/MSS.0b013e31825e825a
http://www.ncbi.nlm.nih.gov/pubmed/22617402
https://doi.org/10.1249/MSS.0000000000000844
https://doi.org/10.1249/MSS.0000000000000844
http://www.ncbi.nlm.nih.gov/pubmed/26673129
https://doi.org/10.1152/japplphysiol.01189.2013
http://www.ncbi.nlm.nih.gov/pubmed/25593289
https://doi.org/10.1164/ajrccm.167.10.950
http://www.ncbi.nlm.nih.gov/pubmed/12738602
https://doi.org/10.1007/s004210050567
http://www.ncbi.nlm.nih.gov/pubmed/10408322
https://doi.org/10.1371/journal.pone.0233229

PLOS ONE

Senor enabled prediction of energy expenditure in preschool children

33.

34.

35.

36.

37.

38.

39.

40.
41.
42,
43.

44.

45.

46.

47.

48.

49.

Weir JB New methods for calculating metabolic rate with special reference to protein metabolism. J
Physiol. 1949; 109:1-9. https://doi.org/10.1113/jphysiol. 1949.sp004363 PMID: 15394301

Schofield WN. Predicting basal metabolic rate, new standards and review of previous work. Hum Nutr
Clin Nutr. 1985; 39:5-41. PMID: 4044297

Chowdhury AK, Tjondronegoro D, Chandran V, et al. Physical activity recognition using posterior-
adapted class-based fusion of multiaccelerometer data. IEEE J. Biomed. Health Inform. 2018; 22:678—
85. https://doi.org/10.1109/JBHI.2017.2705036 PMID: 28534801

Pavey TG, Gilson ND, Gomersall SR, Clark B, Trost SG. Field evaluation of a random forest activity
classifier for wrist-worn accelerometer data. J Sci Med Sport. 2017; 20(1):75-80. https://doi.org/10.
1016/j.jsams.2016.06.003 PMID: 27372275

Peng H, Long F, Ding C. Feature selection based on mutual information: criteria of max-dependency,
max-relevance, and min-redundancy. IEEE Trans Pattern Anal Mach Intell. 2005; 27(8):1226-38.
https://doi.org/10.1109/TPAMI.2005.159 PMID: 16119262

Liaw A, Wiener M. Classification and regression by randomForest. R News. 2002; 2(3):18-22.

Karatzoglou A, Smola A, Hornik K, Zeileis A. kernlab-an S4 package for kernel methods in R. J Stat
Softw. 2004; 11(9):1-20.

Ripley B, Venables W, Ripley MB. Package ‘nnet.’ R Packag version. 2016; 7:3—12.
Kuhn M. Building predictive models in R using the Caret package. J Stat Softw. 2008; 28(5):1-26.
Core R. R: A Language and Environment for Statistical Computing. Vienna, Austria. 2018.

Mannini A, Intille SS, Rosenberger M, Sabatini AM, Haskell W. Activity recognition In youth using a sin-
gle accelerometer placed at the wrist or ankle. Med Sci Sport Exerc. 2017; 49(4):801-12.

Connor P, Ross A. Biometric recognition by gait: A survey of modalities and features. Computer Vision
and Image Understanding. 2018; 167(January):1-27.

Butte NF, Watson KB, Ridley K, Zakeri IF, McMurray RG, Pfeiffer KA, et al. A youth compendium of
physical activities: Activity codes and metabolic intensities. Med Sci Sports Exerc. 2018; 50(2):246-56.
https://doi.org/10.1249/MSS.0000000000001430 PMID: 28938248

Trost SG, Drovandi CC, Pfeiffer K. Developmental trends in the energy cost of physical activities per-
formed by youth. J Phys Act Health. 2016; 13(6 Suppl! 1):S35-40.

Troiano RP, Mcclain JJ, Brychta RJ, Chen KY. Evolution of accelerometer methods for physical activity
research. Br J Sports Med. 2014; 100(2):130—4.

Rowlands A V., Fraysse F, Catt M, Stiles VH, Stanley RM, Eston RG, et al. Comparability of measured
acceleration from accelerometry-based activity monitors. Med Sci Sports Exerc. 2015; 47(1):201-10.
https://doi.org/10.1249/MSS.0000000000000394 PMID: 24870577

John D, Freedson P. ActiGraph and Actical physical activity monitors: a peek under the hood. Med Sci
Sports Exerc. 2012; 44(Suppl 1):S86-S89.

PLOS ONE | https://doi.org/10.1371/journal.pone.0233229 May 20, 2020 14/14


https://doi.org/10.1113/jphysiol.1949.sp004363
http://www.ncbi.nlm.nih.gov/pubmed/15394301
http://www.ncbi.nlm.nih.gov/pubmed/4044297
https://doi.org/10.1109/JBHI.2017.2705036
http://www.ncbi.nlm.nih.gov/pubmed/28534801
https://doi.org/10.1016/j.jsams.2016.06.003
https://doi.org/10.1016/j.jsams.2016.06.003
http://www.ncbi.nlm.nih.gov/pubmed/27372275
https://doi.org/10.1109/TPAMI.2005.159
http://www.ncbi.nlm.nih.gov/pubmed/16119262
https://doi.org/10.1249/MSS.0000000000001430
http://www.ncbi.nlm.nih.gov/pubmed/28938248
https://doi.org/10.1249/MSS.0000000000000394
http://www.ncbi.nlm.nih.gov/pubmed/24870577
https://doi.org/10.1371/journal.pone.0233229

