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ABSTRACT

This study aimed to develop and validate machine learning models to predict intensities in
children and adolescents with cystic fibrosis (CF) across different accelerometry brands and

KEYWORDS
Threshold; Physical Activity;
ENMO; MAD; youth

placements. Thirty-five children and adolescents with CF (11.6 £ 2.8 yrs; 15 girls) and 28 healthy
youth (12.2 + 2.7 yrs; 16 girls) performed six activities whilst wearing GENEActivs (both wrists) and
ActiGraphs GT9X (both wrists and waist). Three supervised learning classifiers (K-Nearest
Neighbour, Random Forest and eXtreme Gradient Boosted Decision Tree) were used to identify
the input signal pattern for each PA type and intensity, with a 10-fold cross-validation utilized to
assess the performance of the classifiers. ActiGraph GT9X on the dominant wrist and waist and
GENEACctiv on the dominant wrist failed to predict vigorous intensity PA activities. All other models,
for activity type and intensities, exceeded 97% accuracy, with a sensitivity and specificity of greater
than 95%, irrespective of accelerometer brand, placement or health condition.

Introduction

Cystic Fibrosis (CF) is the most common life-limiting
autosomal recessive disorder in the Caucasian popula-
tion affecting over 10,500 individuals in the United
Kingdom (Trust, 2018).

Limited exercise tolerance in CF is multifactorial and
can promote physical inactivity which has significant
negative health implications (Gonzalez et al., 2017).
Habitual physical activity (PA), and particularly mod-
erate-to-vigorous physical activity (MVPA), is asso-
ciated with significant health benefits in youth with CF
(Hebestreit et al., 2014), including an increased lifespan
and better quality of life (van de Weert van Leeuwen
et al., 2013). However, the traditionally derived acceler-
ometer cut-points on which these conclusions, and thus
national and international treatment guidelines, are
based are associated with limited predictive accuracy
and are prone to the misclassification of PA intensities,
particularly in clinical populations (Bianchim et al.,
2023). Previous research has relied on accelerometer
cut-points or prediction equations due, at least in part,
to their practicality and simplicity. However, it is perti-
nent to note that they are highly specific to the popula-
tion, activities, and accelerometer device and settings on

which they were developed (Bassett et al., 2012).
Children with CF expend more energy during rest and
activities than their peers, due to impaired metabolic
and ventilatory responses (Bianchim et al., 2022;
Johnson et al., 2006), which means that cut-points and
equations are likely to underestimate PA levels in those
with CF (Stephens et al., 2016). Indeed cut-points devel-
oped in healthy children and adolescents are likely to
underestimate PA levels in those with CF (Stephens
et al., 2016).

Traditionally, cut-points have been developed using
linear methods, resulting in poor prediction when
applied to estimate non-linear data, such as PA (Trost
et al., 2012). Recent technological advances have facili-
tated the application of machine learning to non-linear
accelerometry data, enabling the analysis of complex
accelerometry patterns to identify activity types or PA
intensities with excellent accuracy. Whether machine
learning approaches can also enhance the prediction of
PA and sedentary time (SED) in children and adoles-
cents with clinical conditions, such as CF which may
have a higher energy expenditure (EE) for a given activ-
ity relative to their healthy peers (Stephens et al., 2016),
remains to be elucidated.
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The optimal accelerometer placement for PA assess-
ment remains equivocal, with some evidence that
machine learning enhances the prediction of EE irre-
spective of placement (Trost et al., 2014), whereas others
found that waist placement provides higher accuracy in
healthy children (Mackintosh et al., 2016). Furthermore,
PA predictions are reported to vary between placements
according to accelerometer brand (Fairclough et al,,
2016) and the use of raw or count-based data (Trost
et al., 2018). Indeed, two machine learning classifiers
derived from raw acceleration data were recently
reported to achieve an overall accuracy of 87.5-99.6%,
considerably higher than that reported for the models
trained on the respective count-based data (57-86%; de
Vries et al., 2011; Ruch et al,, 2011; Trost et al., 2012).
Nonetheless, the majority of studies in healthy children
using different classifiers to predict PA types still rely on
count-based data despite the low accuracy associated
with this approach (de Vries et al., 2011; Ruch et al,
2011; Trost et al., 2012).

The primary aim of this study was to develop and
validate machine learning models to predict PA inten-
sities in children and adolescents with CF using raw
acceleration data. The secondary aim was to investigate
how these predictions vary according to accelerometer
brand and placement.

Materials and methods
Participants

Participants were classified as having CF if they pre-
sented with CF-typical symptoms and had either two
pathological sweat tests or the identification of two
CF-relevant mutations. Sixty-four children and

Table 1. Participants characteristics.

adolescents (35 with CF) participated. One participant
was excluded from the analysis for not attending all
visits, resulting in 63 (35 CF) participants being
included in the analyses. Participants with CF were
mainly homozygous (55%) for the AF508 mutation.
Children and adolescents with CF (7-18 years) were
recruited from pediatric CF outpatient clinics in South
Wales. The primary respiratory consultant confirmed
the suitability of each patient prior to recruitment.
Participants in the healthy group (7-18years) were
recruited through university networks and from the
friends and families of the CF participants (Table 1).
Their health status was confirmed by a short clinical
evaluation to identify the presence of any clinical
conditions or medications. Written parental consent
and child assent were obtained from all parents/guar-
dians and participants, respectively. This study
received ethics approval through the National Health
Service Research Ethics Committee (18/WS/0032).

Protocol

Participants completed six activities across three sepa-
rate visits, with the first two visits separated by seven
days. The first visit consisted of the assessment of demo-
graphic outcomes and health indicators (anthropo-
metrics, RMR and lung function). The second and
third visits were scheduled within a 48-hour gap of
each other and comprised of a calibration protocol
performed in a laboratory setting. All protocols were
completed in the same order. Participants were advised
to avoid caffeine and vigorous exercise 24 hours prior to
all visits and to arrive at least two hours post-
postprandial.

CF Healthy

Total (n=35) Girls (n=15) Boys (n = 20) Total (n=28) Girls (n=16) Boys (n=12)
Age (years) 11.6+2.8 11.3+27 11.8+29 122+27 126+26 11.5+2.8
Pubertal Stage 23 9 14 15 7 8

Pre-PHV

Circa-PHV 8 5 3 2 1 1
Post-PHV 4 2 2 11 9 2
Stature (m) 1.46 £0.15 1.44 £0.12 1.47 £0.17 1.53+£0.16 1.54+0.10 1.50+0.21"
Body Mass (kg) 39.13+12. 373+£10.2 404 +14.2 47.1+£15.0 50.1+£12.7 43.0+12.2
BMI (kg~m_2) 18.0+4.2 175+£2.0 184 +5.3 19.6+3.5 20.6+3.3 18.2+£3.5
ZBMI -031+1.10% -0.12+0.78 -0.47+1.28 0.41+0.80 0.57 +0.62 0.19+1.00
RMR (kca|~day_1) 1,687 + 480 1,510 £ 257 1,820 + 566* 1,700 £ 413 1,586 + 373 1,852 £ 431
RMR (ml-kg’1-min’1) 6.21+1.31 586+ 1.26 6.45+1.24 535+1.54 4.51+0.89 6.47 £1.51
FVC (L) 25+1.0 25+1.0 25+1.0% 28+1.0 28+1.0 29+1.2%
FVC predicted (%) 99 + 21 97 +£20 99 + 21 105+ 26 105+ 26 106 +18
FEV; (L) 2007 2008 2.1+£0.8*% 24+08 24108 24+09
FEV; predicted (%) 94+19 92+20 94+19 99 + 21 99+ 22 100+ 14

Data are presented as mean + SD. CF: Cystic Fibrosis, RMR: resting metabolic rate, FEV;: forced expiratory volume in one second, FEV;%predicted: forced
expiratory volunle in one second, BMI: body mass index, zZBMI: z-scores body mass index, PHV: peak height velocity. *indicates significant difference between
healthy and CF; ~ indicates significant difference between boys and girls in the healthy group; *indicates significant difference between boys and girls in the

CF group (p <.05).



Measurements

Anthropometry

Body mass (Seca 876, Hamberg, Germany), stature
(Holtain Stadiomerter 603VR, Holtain Ltd, UK) and sit-
ting height (Holtain Sitting Height Stadiometer 607VR,
Holtain Ltd, UK) were determined to the nearest 0.1 kg,
0.1 cm and 0.1 cm, respectively. Body mass index (BMI)
and age- and sex-specific z-scores were calculated accord-
ing to the World Health Organization reference data (de
Onis et al., 2004). Pubertal stage was estimated according
to time pre or post the age of peak height velocity (PHV;
Mirwald et al,, 2002) with pre-pubertal considered > —1
years from PHV, pubertal as —1 to +1 years and post-
pubertal as > +1 years post PHV.

Resting metabolic rate

Resting metabolic rate (RMR) was assessed in the supine
position for 20 minutes using an online gas analyzer
(MetaMax Cortex 3B, CORTEX Biophysik GmbH,
Germany). The analyzer was calibrated according to the
manufacture’s guidelines prior to each measurement.
The measurement started following at least 10 minutes
at rest, and participants were required to stay awake
throughout the test, with noise kept to a minimum. To
ensure a steady state was achieved prior to the averages
being derived, the first two and a half minutes of the
recording were discarded, with remaining breath-by-
breath values of oxygen uptake (VO,) and carbon diox-
ide production (VCO,) included in the analyses (Cooper
et al., 2009). The Weir equation was then used to calcu-
late the RMR (Weir, 1949).

Lung function

Lung function was assessed by standard spirometry
(MetaMax 3B, Cortex Biophysik GmbH, Germany)
using a forced vital capacity maneuver in accordance
with the American Thoracic Society and European
Respiratory Society standards (Graham et al., 2019;
Moore, 2012). Percentage predicted lung function was
estimated using a reference equation for age, sex and
height (Quanjer et al., 2012). Disease severity was

Table 2. Activities included in the activity protocol.
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classed according to percentage of estimated forced
expiratory volume in one second (FEV;%) as mild
(>70%), moderate (40-69%), or severe (<40%; Davies
& Alton, 2009).

Accelerometry

Five monitors were used during the activities; three
GT9X monitors (ActiGraph, Pensacola, FL) worn on
each wrist and the right hip, and two GENEActiv moni-
tors (ActivInsights Ltd., Cambridge, UK), one on each
wrist (Filanowski et al., 2022).

Activity protocol

The activity protocol was designed to include activities
replicating the participant’s daily lives using public and
patient involvement (PPI). Specifically, five participants
with CF selected by the physiotherapist and 56 healthy
children and adolescents completed a survey of com-
mon activities from the youth compendium of physical
activities (Butte et al., 2018) and were asked to select any
that they would typically do during their normal rou-
tine. Participants were encouraged to suggest any addi-
tional activities that were not listed. The six activities
with the highest votes, stratified by intensity and beha-
vior type, were selected to be included in the protocol.
Each activity was conducted in a random order for three
to ten minutes (Table 2), interspersed with at least three
minutes rest. Activities were performed whilst wearing
the accelerometers, a metabolic analyzer (MetaMax
Cortex 3B, CORTEX Biophysik GmbH) and a pulse
oximeter (Nonin® WristOx® Model 3150, Nonin®
Medical Inc.).

Data processing and feature extraction

Data from all accelerometers were processed in the same
manner. The raw acceleration data were extracted at
100 Hz as.gt3x and.bin files for GT9X (ActiLife
V6.10.2) and GENEActiv (GENEActiv PC software
V2.2), respectively. All.gt3x files were converted to

METy by age-group (years)

Activity Duration (min) Description 6-9 10-12 13-15 16-18
Video 10 Watching a video whist sitting 1.4 13 13 1.2
Colouring/writing 6 Colouring or writing whist sitting 1.8 1.7 1.7 1.7
Handheld device 6 Playing games on the handheld device whist sitting 1.4 15 15 15
Games 6 Playing a variety of self-selected games including football, 6.0 6.2 6.3 6.5
tennis, badminton, rugby, skipping and mini bowling
Walking 5 Walking continuously at a self-selected brisk pace 4.6 49 5.1 54
Climbing stairs 3 Climbing stairs continuously at a self-selected pace 5.5 6.3 7.0 7.7

METy: MET youth developed by McMurray et al. (2015).

MET values extracted from the Youth Compendium of Physical Activities Butte et al. (2018).
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time-stamp-free.csv files, and imported with the.bin
files into R V3.1.2 (R Foundation for Statistical
Computing, Vienna, Austria), which was used for all
subsequent analyses. Raw accelerometry data were then
auto-calibrated and the x, y and z axes extracted in 5s
epochs using the “GGIR” package V1.2-0 (Matthews
et al., 2012; Migueles et al., 2019; Vdhd-Ypyd et al,
2015). Visual screening tools, such as plots and histo-
grams, were utilized to identify any traits or missing
data, and features were extracted from the vector mag-
nitude. Specifically, sliding windows of 1.5 s were cre-
ated and the components were split into low- and high-
frequency using a cutoff of 6 Hz, according to previous
recommendations (Zalewski et al., 2020). This is parti-
cularly important given the dynamic nature of the signal
extracted from the accelerometer. Subsequently, nine
time-domain components were calculated for each win-
dow using data from the three axes. Specifically, mean,
standard deviation, peak-to-peak value, root mean
squared value, kurtosis, skewness, crest factor, root
mean square velocity and signal entropy were extracted.
Metabolic equivalent of task (MET) values were calcu-
lated for each activity using the RMR, which was pre-
viously described as Youth MET (METy; McMurray
et al., 2015). The first and last minute of each activity
were excluded to avoid transitional movements (Hurter
et al., 2018; Migueles et al., 2021). MET values were
subsequently aligned with the raw acceleration data
and used to predict PA intensities as sedentary (<1.5
METs), light (>1.5 to <3 METs), moderate (23 to<6
METs) or vigorous (26; 39).

Machine learning modelling

Three supervised learning classifiers, K-Nearest
Neighbour (k-NN), Random Forest and eXtreme
Gradient Boosted Decision Tree (XGBoost Decision
Trees), were used to identify the input signal pattern
for each PA intensity (Friedman, 2001; Kuhn et al,
2013; Patrick & Fischer, 1970; Zertuche, 2014). All
models were trained and cross-validated using packages
within R (“caret,” “randomForest,” “xboost,” “entropy,”
“signal” and “knn”). Models were used to identify dif-
ferent PA intensities according to METs. The random
forest classifier of 500 trees was trained using the data
from all nine features. Specifically, the features were
randomly sampled into training and test sets and the
whole process repeated 1,000 times. An internal out of
bag approach (Winham et al., 2013) was used to test the
model accuracy. A decision tree learns from a subset of
the data, enabling the remaining data to be used to
evaluate the performance of the model (Winham et al,,
2013).

» « » «

For the XGBoost model, the data set was randomly
split, with 80% of data used for its own training and 20%
for testing. This model evaluates the performance of
each round of classification instead of assessing the
overall performance of the training set. Specifically,
XGBoost is a type of boosting algorithm designed to
learn from previous poor predictions in order to use this
information to enhance future predictions (Chen &
Guestrin, 2016). For this model, 15 consecutive rounds
of classification decline were determined prior to halt-
ing the learning, with the last best score used as the final
outcome. Finally, the weighted k-NN was performed
using a kernel function to weight the neighbors of
a data point using the distance as a parameter (Zhang,
2016).

A 10-fold cross-validation (Little et al., 2017) was
utilized to assess the performance of all classifiers. The
average of the results was used to indicate the accuracy
of the model. In addition, the percentage agreement,
95% confidence intervals and kappa scores were calcu-
lated. The detection rate (also called true positive rate)
was calculated as the proportion of the sample where
events were detected correctly. The balanced accuracy
was calculated for each model and compared using the
McNemar test in SPSS version 29.0 (IBM Corp., USA).
Statistical significance was accepted when p <.05.

Results

CF was classified as mild for all 63 (35 CF) participants.
There were no differences in age, stature, body weight or
RMR between the CF and healthy participants.

XGBoost and k-NN algorithms were reported as one
outcome; they both achieved the same performance and
provided the same classification values. Confusion
matrices are provided as supplementary material for
Random Forest (Supplementary Table S1) and
XGBoost/k-NN models (Supplementary Table S2).
Models using features extracted from the GT9X worn
on the dominant wrist and waist and GENEActiv worn
on the dominant wrist failed to predict VPA in those
with CF, whilst the GENEActiv on the non-dominant
wrist failed to recognize patterns related to vigorous
intensity in healthy children.

As shown in Table 3, those with CF had higher EE
than healthy participants while watching a video, whist
sitting, and climbing stairs. It is noteworthy that the
healthy group did not reach VPA (26 METs) for any
of the activities.

All models provided excellent accuracy (97-100%)
and low error (Table 4). Comparisons demonstrated
that XGBoost and k-NN yielded statistically higher
accuracy (p=.02) than Random Forest, and



Table 3. Metabolic equivalent of task during each activity

from the activity protocol.
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METs
CF (n=35) Healthy (n =28)
Video 1.3* £0.9 10403
Colouring/writing 13+03 1.2+£0.5
Handheld Device 1.1+03 1.1+04
Games 41120 42+1.8
Walking 29+13 25+1.1
Stairs 5.1* +£2.0 4.7 +£0.7

Data are presented as mean =+ SD. CF: Cystic Fibrosis, METs: metabolic
equivalent of task. *indicates significant difference between groups

(p <.05).

Table 4. Performance metrics (%) of different models to classify physical activity intensities.

CF Healthy
Placement Sensitivity ~ Specificity Accuracy Detection Rate  Sensitivity ~ Specificity Accuracy Detection Rate
Random Forest
SED GE non-dominant wrist 99.7 100 99.8 65.1 100 100 100 49.6
GE dominant wrist 100 100 100 60.6 100 100 100 41.2
AG non-dominant wrist 100 100 100 63.5 100 100 100 774
AG dominant wrist 100 99.5 99.7 53.2 98.5 98.3 98.4 437
AG waist 100 100 99.8 429 100 99.4 99.7 67.6
LPA GE non-dominant wrist 100 99.7 99.8 238 100 100 100 27.3
GE dominant wrist 100 100 100 125 100 100 100 415
AG non-dominant wrist 100 100 100 15.6 100 100 100 17.9
AG dominant wrist 99.0 100 99.5 23.1 97.7 98.4 98.1 39.1
AG waist 100 100 100 444 99.1 100 99.5 19.6
MPA GE non-dominant wrist 100 100 100 9.6 100 100 100 20.7
GE dominant wrist 100 100 100 24.2 100 100 100 9.9
AG non-dominant wrist 100 100 100 19.0 100 100 100 46
AG dominant wrist 100 100 100 234 95.8 99.5 97.6 14.9
AG waist 100 100 100 12,6 100 100 100 49
VPA GE non-dominant wrist 100 100 100 1.2 100 100 100 2.3
GE dominant wrist 100 100 100 2.5 100 100 100 7.2
AG non-dominant wrist 100 100 100 1.7 0 0 0 0
AG dominant wrist 0 0 0 0 0 0 0 0
AG waist 0 0 0 0 100 100 100 7.6
XGBoost/k-NN
SED GE non-dominant wrist 100 100 100 65.5 100 100 100 50.0
GE dominant wrist 100 100 100 60.9 100 98.1 99.0 404
AG non-dominant wrist 100 100 100 64.0 100 100 100 78.7
AG dominant wrist 100 100 100 53.7 100 100 100 447
AG waist 100 100 100 429 100 100 100 68.9
LPA GE non-dominant wrist 100 100 100 24.0 100 100 100 27.0
GE dominant wrist 100 100 100 12.6 97.3 100 98.6 415
AG non-dominant wrist 100 100 100 15.6 100 100 100 17.7
AG dominant wrist 100 100 100 22.7 100 100 100 40.3
AG waist 100 100 100 444 100 100 100 19.5
MPA GE non-dominant wrist 100 100 100 24.0 100 100 100 20.8
GE dominant wrist 100 100 100 24.1 100 100 100 10.1
AG non-dominant wrist 100 100 100 18.7 100 100 100 4.1
AG dominant wrist 100 100 100 234 100 100 100 14.9
AG waist 100 100 100 12.6 100 100 100 45
VPA GE non-dominant wrist 100 100 100 1.0 100 100 100 2.0
GE dominant wrist 100 100 100 2.2 100 100 100 6.7
AG non-dominant wrist 100 100 100 1.5 0 0 0 0
AG dominant wrist 0 0 0 0 0 0 0 0
AG waist 0 0 0 0 100 100 100 6.8

CF: Cystic Fibrosis, GE: GENEActiv, AG: ActiGraph, SED: sedentary, LPA: light physical activity, MPA: moderate physical activity, VPA: vigorous physical activity,
XGBoost: eXtreme Gradient Boosting Trees; k-NN: k-Nearest Neighbour; NA: non-applicable (not enough data to validate the models).

GENEActiv demonstrated higher accuracy than
ActiGraph (p =.002). We found no differences in pre-
diction accuracy between CF and healthy groups, or
between placements (Table 4). Finally, all

classifications presented sensitivity and specificity
higher than 95%, independent of accelerometer
brand, placement and health status for all models
performed.
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Discussion

This study provides novel insights into the suitability of
using three machine learning classifiers with raw accel-
erometry data to predict PA intensities in children and
adolescents with CF and their healthy peers. Overall, the
use of machine learning yielded high accuracy (>97%)
to predict different PA intensities when trained on time-
domain features, irrespective of accelerometer brand or
placement. Although it is important to note that none of
the healthy children reached VPA, which affected the
prediction of this intensity. Future studies evaluating PA
in CF should consider using raw acceleration data with
machine learning algorithms. A cross-validation of the
models in a larger sample within a free-living setting is
warranted.

Accelerometry data

Akin to previous studies using machine learning on raw
accelerometry data (Ahmadi et al., 2020; Kithnhausen
et al., 2017), all three classifiers trained and tested in this
study outperformed previous models trained on accel-
erometry counts. Studies comparing count based data to
raw data have yielded conflicting results regarding accu-
racy. For instance, Kithnhausen et al. (2017) found
a significantly higher accuracy (92.7%) for predicting
PA in healthy children using machine learning models
developed from raw accelerometry data in comparison
to those using counts (70.9-71.2%). These discrepancies
may be atributtable to the elimination of vital informa-
tion during the data reduction process to transform raw
accelerometry data into counts (Kithnhausen et al,,
2017). However, others have achieved higher accuracy
with count-based in comparison to raw data (Clevenger
et al., 2020; Montoye et al., 2019). Moreover, recently
developed harmonization methods can aid comparison
of different accelerometry metrics facilitating transfer-
ability between raw and count-based data findings
(Karas et al., 2022).

Machine learning classifiers

Whilst the three activity classifiers tested in the pre-
sent study demonstrated similar overall performance,
suggesting that any of these models could be used to
predict PA in children with CF or, indeed, healthy
children, the XGBoost and k-NN achieved higher
sensitivity and classification accuracy. This is con-
trary to previous studies in healthy children, which
found that Random Forest performed marginally
better to predict ambulatory activities in comparison
with SED and LPA (Ahmadi et al., 2020). It is also

noteworthy that children with mild CF might present
metabolic adaptations and an altered muscle func-
tion that could impact the predictions of EE during
walking and climbing stairs (Erickson et al., 2015).
Indeed, differences in accelerometry raw outputs
were observed between CF and healthy participants
during walking (Bianchim et al., 2023). XGBoost is
a type of boosting algorithm designed to learn from
previous weak predictions, adjusting the future pre-
dictions accordingly (Friedman, 2001).
Unsurprisingly, this study demonstrated that
XGBoost enhanced all of the Random Forest predic-
tions, independent of intensity. This finding is cor-
roborated by previous research demonstrating that
Gradient Boosting classifiers perform better com-
pared to other types of boosting classifiers for PA
classification (Rahman et al., 2020).

Accelerometer brand and placement

All three placements yielded comparable overall accu-
racy across classifiers, in line with previous research in
healthy children (Mackintosh et al., 2016). This finding
differs from previous research (Trost et al., 2018)
reporting that Random Forest models achieved margin-
ally higher activity classification accuracy for GT3X+
placed at the waist in comparison with wrist in healthy
children and adults. Interestingly, the waist-worn GT9X
also performed marginally better than the wrist to pre-
dict PA in children with cerebral palsy using different
machine learning models (Ahmadi et al., 2018).
Nevertheless, wrist-worn accelerometry protocols are
associated with enhanced compliance (Fairclough
et al., 2016), which is extremely important in studies
assessing PA in free-living conditions.

It is important to highlight that GT9X placed on the
dominant wrist and waist failed to predict VPA in those
with CF. Similar results were found for models using
features extracted from the GT9X placed on dominant
and non-dominant wrist in healthy children. Visual
inspection suggested that whilst the models failed to
predict VPA in healthy participants due to the scarcity
of data points associated with this intensity, the same
was not observed in those with CF. This discrepancy
therefore indicates that whilst intended vigorous com-
ponents of the protocol were classified as moderate
intensity for healthy participants, they were classified
as vigorous for the majority of the CF group (see
Table 3). Models using data from GENEActiv models
predicted VPA in both groups, albeit with low detection
rates. Indeed, GENEActiv models performed with
higher accuracy overall when compared to GT9X. This
not only reiterates the need for CF-specific approaches
to evaluate PA, but highlights the importance of



considering placement and accelerometer brand when
measuring PA. Therefore, future studies should further
investigate how accelerometer brand and placement can
affect the measurement of PA when using machine
learning.

Disease specific factors
Youth with CF are known to require higher EE during rest
due to the enhanced cost of breathing and higher RMR in
comparison with their healthy peers (Tomezsko et al.,
1994), although the latter was not observed in this study.
While this might raise the question of whether a specific
model is warranted in mild CF, it is important to acknowl-
edge that other factors associated with exercise intolerance,
such as chronic inflammation and impaired muscle meta-
bolism, were not controlled for (Erickson et al., 2015).
Recent studies have demonstrated the feasibility of
using machine learning in adults to characterize sport-
related PA (Pfeiffer et al., 2023) and to describe char-
acteristics of overall sedentary behavior and sitting
(Tjurin et al., 2019) with varying degrees of success.
Building on these studies (Pfeiffer et al., 2023; Tjurin
et al., 2019), which have focused on characterizing spe-
cific aspects of the PA spectrum in healthy adults. The
present study demonstrated the feasibility of using
machine learning models to accurately predict SED
and PA from EE in youth with CF. These findings
have significant importance for clinical practice, with
PA recognized as a valuable component of CF treatment
(Rand & Prasad, 2012). Machine learning algorithms
could be used to identify daily patterns of PA in youth
with CF, advancing our understanding of the associa-
tion between daily behaviors (PA and sleep patterns)
and health outcomes. This study has the potential to
contribute to the design of PA interventions and specific
recommendations in this population.

Strengths and limitations

This is the first study to utilize machine learning models to
identify PA intensities using raw acceleration data from
both wrist- and waist-worn accelerometers in youth with
CF, with a 10-fold cross validation which has a lower
variance than a leave-one-out cross validation. Moreover,
all activities incorporated in the study protocol were
selected by the participants through an initial survey,
ensuring ecological validity. Additionally, comparisons
between models and features across multiple acceler-
ometer placements and brands were made, with RMR
individually assessed. There were, however, several limita-
tions. Specifically, all activities were performed in
a structured laboratory setting and might not be represen-
tative of free-living conditions and did not include sleep. It
is also noteworthy that none of the healthy participants
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reached vigorous intensity during the protocol.
Furthermore, whilst this study did not include frequency
domain features in accord with previous recommenda-
tions (Montoye et al., 2018), this omission might hinder
inter-study comparisons. However, previous research has
demonstrated that the inclusion of frequency domain
features in the activity models does not improve the over-
all accuracy of the predictions and can lead to overfitting
(Montoye et al., 2018). It is important to highlight that
previous studies might have evaluated the performance of
their algorithms differently and used different parameters
to predict PA levels. Finally, this study included youth
with mild CF and, therefore, might not be representative
of those with more severe forms of the condition.

Conclusion

This study demonstrated the feasibility of using three
different machine learning classifiers to estimate different
PA intensities from waist- and wrist-mounted ActiGraph
GT9X and GENEACctiv accelerometers in youth with CF.
The accuracy achieved in this study was comparable or
higher than studies in youth using various machine
learning classifiers. Thus, this study provides support
for the use of machine learning to predict complex pat-
tern variables such as PA in youth with CF. Future
studies assessing PA levels in those with CF should con-
sider using raw acceleration data with machine learning
algorithms to enhance prediction accuracy.
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