| —

W§PORTO
-
FACULDADE DE DESPORTO
UNIVERSIDADE DO PORTO

CIAFEL

Advancing accelerometer-based mechanical loading assessment:
Development and validation of prediction equations and activity

classification models

Academic dissertation submitted to obtain a
doctoral degree in Physical Activity and Health
from the Faculty of Sport of the University of

Porto, according to Law 65/2018, from August
16,

Supervisor: Professor Doctor Hélder Rui Martins Fonseca

Co-supervisor: Professor Doctor José Manuel Fernandes de Oliveira

Lucas de Souza Veras

Porto, 2025



Veras, L. S. (2025). Advancing accelerometer-based mechanical loading
assessment: Development and validation of prediction equations and activity
classification models. Doctoral Thesis in Physical Activity and Health. Faculty of
Sports, University of Porto, Porto, Portugal.

Keywords: WEARABLE TECHNOLOGY; GROUND REACTION FORCE;
LOADING RATE; MACHINE LEARNING.



Funding Sources

Lucas de Souza Veras was supported by a grant from the Portuguese
Foundation for Science and Technology (FCT; grant number UI/BD/150673/2020,
doi: 10.54499/U1/BD/150673/2020). The thesis was conducted in the Research
Centre in Physical Activity, Health, and Leisure (CIAFEL), a research unit housed in
the Faculty of Sport, University of Porto, Porto, Portugal. CIAFEL is funded by the
European Regional Development Fund (ERDF) through COMPETE and by FCT
(grants UIDB/00617/2020, doi: 10.54499/UIDB/00617/2020 and UIDP/00617/2020,
doi: 10.54499/UIDP/00617/2020). CIAFEL is part of the associated Laboratory for
Integrative and Translational Research in Population Health (ITR), funded by the
FCT (grant LA/P/0064/2020).

* ' I
RN UNIAO EUROPEIA Fundagao
* para a Ciéncia
= e a Tecnologia

Fundo Europeu
de Desenvoivimente Regional

-
PORT( 0
L3B033TO30 oe
FACULDADE OF SHLRONTD BIODMEC3NICa
( UNIVERSIDADE DO FORTO oo PO3TO






To Bernardo, my son.

Everything | have, and everything | am, is yours. Forever.



\



Acknowledgements

Frst of all, | would like to thank my family, without whom none of this would be
possible. To my son, Bernardo, the most precious thing | have. To my wife, Ananda.
Thank you for loving me and for being with me no matter what. It wouldn’t be the
same without you by my side. To my parents, Jussara and Sinval, without your love,
caring, and unconditional support throughout all my life, | wouldn’t be where | am
today.

To all of my friends. To Pedro Rios, my buddy from all those years, I'm
finishing my PhD now, then it'll be you, and we’ll be able to open our bakery together.
To Giorjines, Floréncio and Tiago, who stuck with me since the very beginning.
Without you this journey would be harder, and undoubtedly less fun. To all my friends
at FADEUP: Leo, Pedro Abdalla, Pedro Oliveira, Daniela, Miguel, Beshoy, Laura,
Andrea, Suiane, Ana Flavia, Ariane, and many others. Thank you for your company,
your friendship and for all the academic and life advices. I'm going to miss our

lunches outside on sunny spring days.

To my supervisors, Professor Hélder Fonseca and Professor José Oliveira, |
learned so much from you since my Master’s. Thank you for all the contributions,
support and patience along the way. To all the other professors in this faculty that
help me during my time here, namely Professor José Carlos Ribeiro, director of this
doctoral program, Professor Jorge Mota, director of the CIAFEL and Professor
Leandro Machado and Professor Jodo Paulo Vilas-Boas, who opened the
LABIOMEP doors for me.

Vil



VI



Table of Contents

FUNAING SOUICES ...t [l
ACKNOWIEAGEMENTS ... e Vi
LISt OF FIQUIES ..ttt Xl
LISt Of TADIES .. XVII
List Of EQUALIONS ... e XXI
RESUMIO ...ttt e XX
ADSTIFACT. ... e XXV
List of Abbreviations and SymbOIS .............eueiiiiiii XXVII
Chapter 1: General introduction and @ims ...........ooooiiiiiiiiiiii e 1
1.1, General INtrodUCHION ...........uiiiiiie e 3
L N | ¢ £SO TP PP PPPPPPPPPPP 8
Chapter 2: Literature reVIEW...........ooeiiiiiiiieee e e e eeeeeeees 11
2.1. Bone biology and adaptation ............cc.eeeeeiiiiiiiiiie e 13
2.2. Bone response to mechanical 10ading...........oooiuiiiiiiiiiiiiiie e 14
2.3. Physical activity and bone health.............coooo e 16
2.4. Mechanical loading @SSeSSMENt ............ooiiiiiiiiiiiiiiii e 19
2.5. Accelerometry teChNOIOGY......cooiiiiiiiiiiiiiiie e 22
2.6. Mechanical loading variables and their prediction using accelerometer data.....24
2.6.1. Ground reaction forces and loading rate...........coociiieii i 24
2.6.2. Ground reaction forces and loading rate prediction using accelerometer data....... 26
2.6.3. Activity classification and its importance in the context of mechanical loading
o] (=T [Tox (oo SRR 28
2.7. Methodological conSiderations...............eeeiiiiiiiiiiiiiie e 29
2.8.  Clinical appliCatiONS ........cccuuiiiiiiee et e e e e e e e e e e e e e e e 32
2.9, FULUIE dirECHIONS ....oeiiiiiiiie e e e e e 35
Chapter 3: Original STUIES .......eoviiiiiiiiiiiie e 37
3.1, List Of pUDIICAtIONS ... 39
3.2, S UAY T e e e e aaeeas 41



B.3.  SHUAY 2eeereeeeeeeee e ee oot e e e e ee e s e e r e 57

T S (1o |V TSRS 79
TR T (1o |V SRS 103
Chapter 4: General diSCUSSION..........oeiiiiiiiiiiiaee e e e e e eeeeas 119
4.1, General diSCUSSION ........ccccuuiiiiiiieeeeeeeiei et e e e e e e et e e e e e e e e st e e e e e e e e annnnneneeaaeens 121
Chapter 5: CONCIUSION ......coooeeieee e e e e e e e e 133
5.1.  General conclusions and future perspectives ...........cccccuvveiiieeeiiiiiciiiiieee e 135
Chapter 6: ReferenCeS........oooo i 137
8.1, REIBIENCES... ..t e e e e e e e e e e e e aae 139



List of Figures

Study 1

Figure 1. Distribution of participant’s body mass index per speed. Dots represent

(1Yo 1Y/ 1o INE=10 o= ] g el ] o = 1| ¥ SRRt 46

Figure 2. Panels A and B show the relationship between variables collected by force
plates and accelerometers worn at hip, for the resultant vector. Linear trends for each
body mass index category are also depicted. Panel A shows peak magnitudes (pGRF
and pACC) while Panel B shows peak rates (pLR and pAR). Panels C and D display
Bland-Altman plots demonstrating the agreement between actual and predicted peak
ground reaction force (Panel C) and loading rate (Panel D) for the resultant vector from
hip-worn accelerometers. Continuous thick lines show bias (average of the differences
between actual and predicted values) while dashed lines show the limits of agreement
(bias +1.96 standard deviation). Abbreviations: pACC, peak acceleration; pAR, peak

acceleration rate; pGRF, peak ground reaction force; pLR, peak loading rate .............. 47

Supplemental Figure S1. Example of ground reaction force and acceleration signals
during the stance phase of walking (left panel) and running (right panel). Signals were
mean centered and scaled to units of standard deviation to fit in the same plot window.
In this image, the peak of each signal, represented by the start marks, is its maximum
magnitude during the stance. The peak acceleration rate and peak loading rate were

identified asthe steepest partof eaCh CUIVE .....cueveniiiiiiiiii e 53

Supplemental Figure S2. Relationship between peak ground reaction force and
acceleration magnitudes. Data from accelerometers worn at ankle (Panels A and D),
lower back (Panels B and E) and hip (Panels C and F), for both the resultant vector

(Panels A to C) and its vertical component (Panels D to F). Linear trends for each body

X



mass index category are also depicted. Abbreviations: pACC, peak acceleration; pGRF,

[oJSE=1 =1 (o] U1 aTe ML=T-Toa d[0] g1 (o] o1 - TN PP 54

Supplemental Figure S3. Relationship between peak loading and acceleration rates.
Data from accelerometers worn at ankle (Panels A and D), lower back (Panels B and E)
and hip (Panels C and F), for both the resultant vector (Panels A to C) and its vertical
component (Panels D to F). Linear trends for each body mass index category are also

depicted. Abbreviations: pAR, peak acceleration rate; pLR, peak loading rate............. 54

Supplemental Figure S4. Bland-Altman plots showing agreement between actual and
predicted peak ground reaction force for accelerometers worn at ankle (Panels A and
D), lower back (Panels B and E) and hip (Panels C and F), for both the resultant vector
(Panels Ato C) and its vertical component (Panels D to F). Continuous thick lines show
bias (average of the differences between actual and predicted values) while dashed
lines show the limits of agreement (bias *1.96 standard deviation). Abbreviations:

PGRF, peak ground reaction fOICE ..iuuiuniiiiiiiiiiii e eea e e e e e eaeanaas 55

Supplemental Figure S5. Bland-Altman plots showing agreement between actual and
predicted peak loading rate for accelerometers worn at ankle (Panels A and D), lower
back (Panels B and E) and hip (Panels C and F), for both the resultant vector (Panels A
to C) and its vertical component (Panels D to F). Continuous thick lines show bias
(average of the differences between actual and predicted values) while dashed lines
show the limits of agreement (bias = 1.96 standard deviation). Abbreviations: pLR, peak

FoT=To 1 oY= i £=1 (-SSPt 55

Study 2

Figure 1. Overall scheme of the study design and methods employed in the study

Xl



Figure 2. An example of a participant performing each of the jump types assayed.
Panels (A, B) the initial (take-off phase) and final (landing phase) phases of the drop
jumps, respectively, while Panels (C, D) show the initial and final phases of the box
jumps, respectively, and Panels (E, F) show the initial and final phases of the

continUOUS JUMPS, rESPECLIVEIY ....coiiiiiiiiiiiiiiiiee et e 62

Figure 3. Accelerometers’ positioning on the body: Details of accelerometer
positioning on the ankle, lower back and hip are displayed in Panels (A-C),
respectively. Panel (D) shows all accelerometer placements simultaneously ......... 63

Figure 4. Flowchart showing all steps of the data processing .......c.cccccveeeerieeenneeeen. 64

Figure 5. Examples of the ground reaction force and acceleration signals for all of
the jump types performed. The first column, formed by Panels (A-D), shows the
ground reaction force and acceleration signal for accelerometers at the ankle, lower
back, and hip for the drop jump from 5 cm height. Panels (E-H) show the same
signals, but for the box jumps of 5 cm height, while Panels (I-L) show the signals for

the continUOUS JUMPS OF 8 CM .. e e 65

Figure 6. Distribution of the resultant vectors of mechanical loading (peak ground
reaction force on Panel (A) and peak loading rate on Panel (B)) and acceleration
(peak acceleration on Panel (C) and peak acceleration rate on Panel (D)) variables
per jump type and height combination. Abbreviations: BW, body weight; pACC, peak
acceleration; pAR, peak acceleration rate; pGRF, peak ground reaction force; pLR,
PEAK [0AAING FALE ..cooeeiii ettt e e 67

Figure 7. Bland-Altman plots showing agreement between actual and predicted
peak ground reaction force (Panel A) and loading rate (Panel B) for the resultant
vectors from hip-worn accelerometers. Continuous thick lines show bias (the
average of the differences between actual and predicted values), while dashed lines
show the limits of agreement (bias + 1.96 standard deviation). Abbreviations: pGRF,
peak ground reaction force; pLR, peak loading rate .........cccccvviiiiiiiiiiiiininniininnnnnn. 69

Xl



Supplemental Figure S1. Distribution of the vertical vector of mechanical loading
(peak ground reaction force on Panel A and peak loading rate on Panel B) and
acceleration (peak acceleration on Panel C and peak acceleration rate on Panel D)
variables per jump type and height combination. Abbreviations: BW, body weight;
pACC, peak acceleration; pAR, peak acceleration rate; pGRF, peak ground reaction
force; pLR, peak 10ading rate ........cooo oo 75

Supplemental Figure S2. Bland-Altman plots showing agreement between actual
and predicted peak ground reaction force for accelerometers worn at ankle (Panels
A and D), lower back (Panels B and E) and hip (Panels C and F), for both the
resultant vector (Panels A to C) and its vertical component (Panels D to F).
Continuous thick lines show bias (average of the differences between actual and
predicted values) while dashed lines show the limits of agreement (bias + 1.96

standard deviation). Abbreviations: pGRF, peak ground reaction force ................... 76

Supplemental Figure S3. Bland-Altman plots showing agreement between actual
and predicted peak loading rate for accelerometers worn at ankle (Panels A and D),
lower back (Panels B and E) and hip (Panels C and F), for both the resultant vector
(Panels A to C) and its vertical component (Panels D to F). Continuous thick lines
show bias (average of the differences between actual and predicted values) while
dashed lines show the limits of agreement (bias + 1.96 standard deviation).
Abbreviations: pLR, peak 10ading rate ...t 77

Study 3

Figure 1. Bland-Altman plots displaying the level of agreement between actual and
predicted pGRF for accelerometers worn at the ankle (panels A, D), lower back
(panels B, E), and hip (panels C, F). These plots cover both the resultant vector
(panels A-C) and its vertical component (panels D-F). Predictions of pGRF during

walking and running were calculated using the equations from Veras et al. (2022)

XV



[20]. The solid lines represent the bias (the mean difference between actual and
predicted values), while the dashed lines mark the limits of agreement (bias + 1.96
standard deviations). Abbreviations: pGRF, peak ground reaction force ................. 87

Figure 2. Bland-Altman plots displaying the level of agreement between actual and
predicted pLR for accelerometers worn at the ankle (panels A, D), lower back (panels
B, E), and hip (panels C, F). These plots cover both the resultant vector (panels A-
C) and its vertical component (panels D-F). Predictions of pLR during walking and
running were calculated using the equations from Veras et al. (2022) [20]. The solid
lines represent the bias (the mean difference between actual and predicted values),
while the dashed lines mark the limits of agreement (bias + 1.96 standard
deviations). Abbreviations: pLR, peak loading rate ..........ccccoeeiiiiiiiiiniiiicieniniinees 87

Figure 3. Bland-Altman plot displaying the level of agreement between actual and
predicted pGRF for accelerometers worn at the hip for the vertical vector. Predictions
of pGRF during walking and running were calculated using the equation from
Neugebauer et al. (2014) [17]. The solid line represents the bias (the mean
difference between actual and predicted values), while the dashed lines mark the
limits of agreement (bias £+ 1.96 standard deviations). Abbreviations: pGRF, peak
ground reaction fOICE ......cooueiiiieieee ettt ee e e e e e e e e e 88

Figure 4. Bland-Altman plots displaying the level of agreement between actual and
predicted pGRF for accelerometers worn at the ankle (panels A, D), lower back
(panels B, E), and hip (panels C, F). These plots cover both the resultant vector
(panels A-C) and its vertical component (panels D-F). Predictions of pGRF during
jumping were calculated using the equations from Veras et al. (2023) [21]. The solid
lines represent the bias (the mean difference between actual and predicted values),
while the dashed lines mark the limits of agreement (bias + 1.96 standard
deviations). Abbreviations: pGRF, peak ground reaction force ...........ccccccouvveeneeeees 88

XV



Figure 5. Bland-Altman plots displaying the level of agreement between actual and
predicted pLR for accelerometers worn at the ankle (panels A, D), lower back (panels
B, E), and hip (panels C, F). These plots cover both the resultant vector (panels A-
C) and its vertical component (panels D-F). Predictions of pLR during jumping were
calculated using the equations from Veras et al. (2023) [21]. The solid lines represent
the bias (the mean difference between actual and predicted values), while the
dashed lines mark the limits of agreement (bias + 1.96 standard deviations).

Abbreviations: pLR, peak 10ading rate ... 89

XVI



List of Tables

Study 1
Table 1. Regression equations, R? and accuracy indices ..............c.c.ccoevveunnnnn.. 48

Table 2. Accuracy indices of ours and Neugebauer et al. (2014) equation to predict

peak vertical ground reaction force with data from hip-worn accelerometers......... 48

Study 2

Table 1. Regression equations, R?, and accuracy indices for prediction of pGRF and

pLR based on accelerometer-deriveddata ... 68

Study 3

Table 1. Sample characteristics of the Veras et al. (2022) [20], Neugebauer et al.
(2014)[17], and Veras et al. (2023) [21] StUIES ....eveiniiiiiiii e 84

Table 2. Accuracy indices for pGRF and pLR predictions for walking and running
based on the Veras et al. (2022) [20] equations. The high prediction errors for pLR
reflect challenges in accurately predicting this variable using accelerometers.
Factors such as low accelerometer sampling frequency and individual variation in

biomechanics likely contribute to the larger discrepancies in pLR compared to pGRF

Table 3. Accuracy indices for pGRF for walking and running based on the
Neugebauer et al. (2014) [17] equation ....... ..o, 86

XVII



Table 4. Accuracy indices for pGRF and pLR prediction for jumping based on the
Veras et al., (2023) [21] equations. The pLR predictions for jumping activities show
particularly high error rates, with MAPE values exceeding 200%. These errors
highlight the difficulty in capturing the rapid, high-magnitude forces involved in
jumping, and the difficulty in reflecting measurement sensitivity in pLR predictions

Table S1. Accuracy indices for pGRF and pLR prediction for different walking and
running speeds based on the Veras et al. (2022) [20] equations ........................ 94

Table S2. Accuracy indices for pGRF and pLR prediction for different walking and
running speeds based on the Neugebauer et al. (2014) [17] equation .................. 96

Table S3. Accuracy indices for pGRF and pLR prediction for different types of
jumping based on the Veras et al. (2023) [21] equations .........c.cvviiiiiiiiinnn.n. 97

Study 4

Table 1. Accuracy indices of machine learning algorithms for walking, running and
jumping activities classification across different accelerometer placements. Cell's
background is colored in grayscale, where darker cells represent higher accuracy

VAU S e e e e e e 109

Table 2. Accuracy indices of machine learning algorithms for walking, running and
jumping activities classification across different accelerometer placements and
activities. Cell’'s background is colored in grayscale, where darker cells represent

NIgher aCCuracCy ValUES .........ouiiiiii e 110

Table 3. Confusion matrix for activity classification for each machine learning

algorithm. Diagonals represent the correct classification and are highlighted in

XVl



bold. All classification scores are equal across all accelerometer placements within

the same algorithm ... 111

XIX



XX



List of Equations

Study 1

Equation 1. The rates of change were computed through a centred derivative from

the beginning of the foot contacttothepeak ..., 45

Equation 2. The pLR and pAR were defined as the maximum value in the array ...45

Study 2

Equation 1. The rates of change were computed through a centered derivative from

the beginning of the foot contactto the curvepeak ..., 64

Equation 2. The pLR and peak acceleration rate (pAR) were defined as the

maximum value in the array derived from Equation (1) and represented by f; ...64

XXI



XXl



Resumo

Quantificagao precisa da carga mecanica relacionada com a atividade fisica é crucial
para compreender como otimizar a saude 6ssea através de intervencbes de exercicio
direcionadas. No entanto, o alto custo e a falta de portabilidade associados as placas de
forca limitam a sua utilidade a ambientes laboratoriais, destacando a relevancia do
desenvolvimento de estratégias tecnoldgicas que possam medir com precisdo a carga
mecanica relacionada com a atividade fisica. Esta tese teve como objetivo avangar a
avaliagdo da carga mecanica baseada em acelerometros, desenvolvendo e validando
equacgdes de predicao para as forgas de reagdo do solo e taxas de carga durante a
caminhada, corrida e salto, e modelos de classificagéo de atividade para diferenciar entre
estas atividades. Para isso, uma série de estudos transversais foram realizados explorando
a relacao entre o sinal obtido por placas de forga laboratoriais durante a realizagédo de varias
atividades fisicas distintas e o sinal obtido por acelerémetros colocados em diferentes
localizacbes anatomicas. Os dois primeiros estudos demonstraram que a forca de reacdo
do solo de pico poderia ser prevista com precisdo usando dados de acelerometros do
tornozelo, parte inferior das costas e anca, com erros percentuais absolutos médios de
cerca de 7% para caminhada e corrida e cerca de 14% para salto. No entanto, as equacgdes
de predicdo da taxa de carga de pico produziram menor precisdo, com erros percentuais
absolutos médios variando de 17,7% a 24,7%. O terceiro estudo, uma validagao externa
das equacdes de predicdo existentes, revelou uma variabilidade substancial na precisao,
com as equagdes da taxa de carga de pico apresentando os maiores erros. O quarto estudo
desenvolveu modelos de aprendizagem automatica para classificar atividades de
caminhada, corrida e salto, alcangando alta precisao (>90% de concordancia) em todas as
colocacdes de acelerometros. Em conclusao, esta tese avanga o campo da avaliacdo da
carga mecanica baseada em acelerometros, fornecendo equagdes de predi¢ao validadas
para forgas de reagéo do solo e taxas de carga durante a caminhada, corrida e salto, bem
como modelos precisos de classificagdo de atividades. Pesquisas futuras devem
concentrar-se no refinamento destes modelos, expandindo a sua aplicagao e explorando o

seu potencial para otimizar a saude ossea.

Palavras-chave: ACELEROMETRIA; FORCAS DE REACAO DO SOLO; TAXA
DE CARGA; APRENDIZADO DE MAQUINA.
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Abstract

Accurate quantification of physical activity-related mechanical loading is crucial for
understanding how to optimize bone health through targeted exercise interventions.
However, the high cost and lack of portability associated with force plates limit their utility to
laboratory settings, highlighting the relevance of developing technological strategies that
accurately measure physical activity-related mechanical loading. This thesis aimed to
advance accelerometer-based mechanical loading assessment by developing and
validating prediction equations for ground reaction forces and loading rates during walking,
running, and jumping, and activity classification models to differentiate between these
activities. To accomplish that, a series of cross-sectional studies explored the relationship
between the signal obtained by laboratory force plates during the performance of several
distinct physical activities and the signal obtained by accelerometers placed on different
anatomical locations. The first two studies demonstrated that peak ground reaction force
could be accurately predicted using accelerometer data from the ankle, lower back, and hip,
with mean absolute percent errors of around 7% for walking and running and around 14%
for jumping. However, peak loading rate prediction equations yielded lower accuracy, with
mean absolute percent errors ranging from 17.7% to 24.7%. The third study, an external
validation of existing prediction equations, revealed substantial variability in accuracy, with
peak loading rate equations showing the highest errors. The fourth study developed
machine learning models for classifying walking, running, and jumping activities, achieving
high accuracy (>90% of agreement) across all accelerometer placements. In conclusion,
this thesis advances the field of accelerometer-based mechanical loading assessment by
providing validated prediction equations for ground reaction forces and loading rates during
walking, running, and jumping, as well as accurate activity classification models. Future
research should focus on refining these models, expanding their application, and exploring

their potential for informing personalized interventions to optimize bone health.

Keywords: WEARABLE TECHNOLOGY; GROUND REACTION FORCE; LOADING RATE;
MACHINE LEARNING.
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Chapter 1: General introduction and aims






1.1. General Introduction

Skeletal tissue can modify its structure and strength in response to the
mechanical demands placed wupon it [1,2]. This process, known as
mechanotransduction, involves the conversion of mechanical stimuli into
biochemical signals that influence bone cell activity [3,4]. The basic principles of
bone mechanotransduction involve detecting mechanical forces by bone cells,
especially osteocytes [5], and other cells such as osteoblasts and lining cells [6],
which trigger signaling cascades that regulate bone modeling and remodeling
[2,7,8]. Mechanical loading plays a key role in stimulating bone formation and
inhibiting bone resorption [1,9], leading to increases in bone mass and favorable
adaptations in bone tissue composition and structure that enhance its strength [10—
12].

Several key characteristics, including the magnitude, rate, and frequency of
the applied forces, influence the osteogenic potential of mechanical loading [9,13].
High-magnitude forces that induce strains above a certain threshold, applied at high
rates and frequencies interspersed with resting periods, appear to provide the most
potent stimulus for bone adaptation [9,13-15]. Importantly, impact-generating
activities like walking, running and jumping impose these types of osteogenic loading
profiles and have consistently been shown to promote increases in bone mineral
density, cortical thickness and trabecular microarchitecture [16—20]. Therefore,
impact exercise is crucial for bone health and widely prescribed for osteoporosis
prevention and management [14,15,17].

Accurate quantification of the mechanical loads imposed on the skeleton
during physical activity is crucial for understanding how to optimize bone health
through targeted exercise interventions [21,22]. The gold standard for directly
measuring ground reaction forces is using force plates, which provide precise and
reliable data [23]. However, their high cost, technical complexity, and lack of
portability limit their utility in laboratory settings, making it challenging to assess
mechanical loading during everyday activities, where monitoring would be



particularly useful. This limitation has driven the search for alternative methods
capable of estimating mechanical loading in free-living conditions, which could
provide valuable insights into the real-world impact of physical activity on bone
health.

Some questionnaires have been developed to estimate mechanical loading
associated with participation in specific activities [24,25]. These tools gather data on
an individual's present physical activity levels and their past engagement in various
types of activities over their lifetime. However, questionnaires only provide rough
estimates, rely heavily on subjective recall and cannot provide direct, objective
measures of the specific mechanical loading characteristics the person was
subjected to during these activities [26]. Studies have shown that mechanical loading
estimates obtained by questionnaires appear to have a moderate to weak correlation
with bone mass, which may be due to the limited capacity of questionnaires to
accurately assess the mechanical loading relevant for bone health [27,28]. In
contrast, accelerometers have emerged as a valuable tool for mechanical loading
assessment in non-laboratory conditions [29-32]. By directly measuring body
accelerations that strongly correlate with ground reaction forces [33-35],
accelerometers can provide an objective and quantitative means of assessing the

mechanical loading experienced by an individual during their daily activities.

Accelerometers offer several advantages for mechanical loading assessment,
including low cost, small size, and the ability to record body accelerations across
extended time periods continuously [36,37]. They have been widely used for
measuring physical activity levels and estimating energy expenditure [37], but their
application for bone-relevant loading quantification is still an emerging area.
Numerous studies have demonstrated the potential for using accelerometer-derived
variables to estimate mechanical loading [29-32,38,39]. These investigations have
shown strong correlations between acceleration metrics and ground reaction forces
[33-35]. Furthermore, accelerometer-based loading measures have been directly
associated with bone health outcomes, such as bone mineral density [21,22,40],



highlighting their relevance in understanding the relationship between mechanical

loading and skeletal adaptation.

Several early studies [29—-31,38,39] investigated the use of accelerometers to
estimate ground reaction forces, laying the groundwork for this field of research.
Neugebauer et al. (2012) were one of the first [29] to develop a regression equation
to predict peak vertical ground reaction force from hip accelerometer data in youth
during walking and running. Then, Wundersitz et al. (2013) [38] assessed the validity
of a trunk-mounted accelerometer for measuring forces during running and change
of direction tasks, while Fortune et al. (2014) [31] explored the relationship between
peak accelerations from various body-mounted accelerometers and ground reaction
forces during walking and running. Neugebauer et al. (2014) [30] refined their
previous work, developing equations to estimate peak vertical and braking ground
reaction forces from hip accelerations in young adults. Meyer et al. (2015) [39]
validated using hip-worn accelerometers against force plates for estimating peak
vertical ground reaction forces during various locomotor activities in children. Despite
the critical contributions of these early studies, they had some limitations that
included small sample sizes, low accelerometer sampling frequencies, data
processing techniques that did not fully utilize high-resolution data, and a focus
primarily on walking and running activities. To expand this field, future studies would
need to address these limitations to capture better the complex loading patterns
experienced in daily life. Nevertheless, these early studies provided a valuable
foundation, demonstrating the feasibility of using accelerometer-based devices to

estimate ground reaction forces during locomotion.

Although ground reaction forces are the most studied mechanical loading
variable extracted from accelerometer data [41], and arguably the most important in
terms of the effect on bone health [10,42], other variables also influence the
osteogenic effect of mechanical loading associated with exercise [9,43,44]. Loading
rate, for example, influences bone health outcomes [13,43] and has begun to be
predicted in accelerometer-based models [31,32,34], but this prediction still needs



improvement. Some studies have investigated the relationship between
accelerometer-derived variables and loading rate. Rowlands and Stiles (2012) [35]
found that accelerometer counts and raw acceleration output were positively
correlated with both peak ground reaction force and loading rate during walking and
running. Liikavainio et al. (2007) [34] reported high linear correlations between the
maximal loading rate derived from force plate data and the maximal acceleration
transient rate derived from skin-mounted accelerometers on the lower limb during
walking. Fortune et al. (2014) [31] developed equations to predict peak loading rate
from ankle accelerations during walking and running. Still, the accuracy of loading
rate predictions was substantially lower compared to peak ground reaction force
predictions. More recently, our research group [Veras et al. (2020) [32]] also
developed prediction equations for peak loading rate based on accelerometer data
and body mass in adults with a wide range of body mass indices. However, it was
found that while the prediction accuracy for peak ground reaction force was high
(mean absolute percent error < 7%), the accuracy for peak loading rate was only
moderate with a mean absolute percent error or around 20%. These studies
demonstrate the feasibility of estimating loading rate from accelerometer data but
highlight that the prediction accuracy is currently lower than for peak ground reaction
forces. Further research is needed to improve the estimation of the loading rate, as
this is an important mechanical loading variable for bone health [13,45,46].

The accuracy of accelerometer-based predictive models for estimating
mechanical loading variables depends on several technical and methodological
factors. Welk (2005) [47] highlighted the importance of using a representative
sample population, a diverse set of representative activities, and appropriate
statistical methods in calibration studies. Notably, the type of activity performed can
significantly influence the accuracy of prediction equations [47], as the relationship
between acceleration and ground reaction forces may differ for activities like walking,
running, and jumping [30,35]. Therefore, activity-specific prediction equations may
be needed to optimize accuracy across a broad range of movements, particularly
those commonly prescribed for bone health improvement interventions. The choice



of accelerometer placement is also crucial, with hip and wrist placements being the
most common [37]. Other factors such as accelerometer sampling frequency, epoch
length, data processing methods, and sample characteristics can influence
prediction accuracy. They should be carefully considered when developing and
applying these models [37,47,48].

It is essential to note that while these factors are important in developing
accurate predictive models, external validation studies are crucial to ensure the
robustness and generalizability of these models [49]. External validation involves
testing the predictive model on an independent dataset not used in the model's
development [50]. This process helps to assess the model's performance in real-
world settings and across different populations. Without it, the model's accuracy and
applicability may be limited to the specific dataset and conditions used in its
development [49]. Therefore, implementing external validation studies is critical in
establishing the reliability and validity of existing mechanical load prediction models,
enabling their widespread use in research and clinical settings.

However, a significant challenge in free-living mechanical loading
assessment is determining which activity-specific prediction model to apply when the
activity is unknown. Activity recognition algorithms can be employed to classify
accelerometer data [51-53] to address this issue. While extensive research has
been conducted on activity recognition, existing methods may not be optimally suited
for bone-specific loading quantification, as they cannot differentiate between some
of the activities that are more often prescribed for bone health improvement, such
as walking, running, and jumping [16,17,54,55]. Accurately distinguishing between
activities with distinct osteogenic potential is crucial for applying appropriate
prediction models and load-specific thresholds. Therefore, there is a need to develop
activity classification models that are specifically optimized for the demands of bone
loading assessment. Integrating activity recognition with activity-specific prediction
models is an essential step for implementing mechanical loading monitoring outside

the laboratory, as it would enable the application of appropriate models based on



the detected activity type, thereby improving the accuracy and validity of free-living

mechanical loading estimation.

The ability to estimate mechanical loading during daily life using wearable
accelerometers has important implications for exercise physiology in general and
bone health research and practice in particular. By enabling the long-term monitoring
of osteogenic physical activity, this technology can provide valuable insights into the
population-level relationships between mechanical loading and critical bone
outcomes, such as bone mineral density, bone quality, and fracture risk
[21,40,43,56]. Moreover, quantifying mechanical loading can facilitate the
development of personalized exercise prescriptions, ensuring that individuals meet
target doses of bone-stimulating activity. In rehabilitation and injury prevention
settings, monitoring mechanical loading can help progress impact exercise while
minimizing the risk of excessive forces that may lead to stress fractures [57,58]. As
the field of accelerometer-based mechanical loading estimation continues to evolve,
the integration of activity-specific prediction models and activity recognition
algorithms holds great promise for enhancing the accuracy and validity of free-living
assessments. These advances can contribute to a better understanding of the
complex relationships between physical activity, mechanical loading, and bone
health across diverse populations, informing the development of targeted
interventions and public health strategies to promote skeletal health and reduce the
burden of osteoporosis and fragility fractures.

1.2. Aims

While accelerometer-based prediction equations are a promising method for
enabling the assessment of mechanical loading in free-living conditions, further
research is needed to: expand their validity to a broader range of activities, optimize
data processing techniques, and integrate activity recognition algorithms.
Addressing these limitations is crucial for enhancing the accuracy and practical
applicability of accelerometer-based mechanical loading monitoring. Therefore, the



main objectives of this thesis were to: i) develop and validate accelerometer-based
mechanical loading prediction equations for estimating peak ground reaction forces
and peak loading rates during walking, running, and jumping activities; and ii)
develop and validate accelerometer-based activity classification algorithms for
differentiating between walking, running, and jumping activities using accelerometer

data.

To address each of these objectives, a series of original studies was
performed with the following specific aims:

e Study 1: develop and validate accelerometer-based peak ground
reaction force and peak loading rate prediction equations for walking

and running.

e Study 2: develop and validate accelerometer-based peak ground
reaction force and peak loading rate prediction equations for high-

impact jumping activities.

e Study 3: externally validate existing accelerometer-based mechanical
loading prediction equations by applying them to a sample and testing
conditions distinct from the original validation studies.

e Study 4: develop and validate activity classification models for
differentiating between walking, running and jumping activities based

on accelerometer data.

In summary, this thesis aims to advance the field of accelerometer-based
mechanical loading assessment. The four original studies provide a comprehensive
approach to addressing current limitations and enhancing the accuracy and practical
applicability of these methods for monitoring mechanical loading in free-living

conditions.

This thesis is organized into six main chapters. Chapter | includes the general
introduction, aims, and an overview of the original research articles that form the

core of the thesis. Chapter Il presents a narrative literature review on the use of



accelerometers for predicting mechanical loading during physical activity,
highlighting current knowledge gaps and areas for future research. Chapter Il
includes the four original studies conducted to address the thesis objectives. Chapter
IV offers an integrative discussion of the findings from the original studies,
contextualizing them within the broader field of accelerometer-based mechanical
loading assessment. Chapter V summarizes the main conclusions drawn from the
research, emphasizing the key contributions and practical implications of the work.
Finally, Chapter VI provides a complete list of references cited in Chapters |, Il, and
V.

10



11

Chapter 2: Literature review



12



2.1.Bone biology and adaptation

Bone is a dynamic tissue that constantly adapts its structure and strength in
response to mechanical stimuli. This process, known as mechanotransduction,
involves the conversion of mechanical forces into biochemical signals that regulate
bone cell activity and remodeling [1,2,59]. Osteocytes, the most abundant cells in
bone, play a central role in sensing mechanical loads and orchestrating the adaptive
response [7,8]. When subjected to loading, fluid flow within the lacunar-canalicular
network generates shear stresses on the osteocyte cell body and dendritic
projections, triggering intracellular signaling cascades that modulate the activity of
osteoblasts and osteoclasts [4,8]. The mechanotransduction process enables bone
tissue to modify its mass, geometry, and microarchitecture to withstand better the
loads placed upon it [10,11].

Julius Wolff first described this adaptive process in the late 19" century and
is often referred to as Wolff's law [60]. Wolff postulated that bone adapts its mass
and architecture in response to the mechanical loads placed upon it, with bone
formation occurring in areas of high stress and bone resorption in low-stress areas
[61]. Building upon Wolff's law, Harold Frost later proposed the mechanostat theory
to explain how bone senses and responds to mechanical loading at the tissue level
[62]. According to the mechanostat theory, bone contains a regulatory mechanism
(the "mechanostat") that senses mechanical strains and triggers adaptive changes
in bone structure to maintain strains within an optimal range [62,63]. When strains
exceed the upper threshold of this range, bone formation is stimulated to increase
bone strength, while strains below the lower threshold promote bone resorption to

remove excess mass [64].

At the tissue level, bone undergoes modeling and remodeling in response to
mechanical stimuli [1,2,65,66]. Modeling involves the independent actions of
osteoblasts and osteoclasts to shape the growing skeleton. At the same time,
remodeling is a coupled process where osteoclasts resorb old or damaged bone and
osteoblasts subsequently form new bone [66]. Mechanical loading stimulates
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modeling by promoting osteoblast differentiation and activity, leading to periosteal
apposition and increased bone size [2]. Loading also influences remodeling by
suppressing osteoclast-mediated resorption and stimulating osteoblast-mediated
formation, resulting in a positive net bone balance [1,2].

2.2.Bone response to mechanical loading

A set of fundamental variables, such as the magnitude, rate, frequency, and
duration of the loading determines the potential of mechanical loading to promote
bone formation [9,67]. High-magnitude loads that generate strains above a certain
threshold are more effective at stimulating bone formation than low-magnitude loads
[59,68]. The strain threshold for initiating an adaptive response varies depending on
the skeletal site and loading conditions [9,69]. However, extremely high strains
above the yield point can cause micro damage and may have detrimental effects on
bone strength [57,70].

Loading rate, which is how quickly the ground reaction force is applied to the
body, is another critical factor influencing bone adaptation [13,46]. High loading rates
are more osteogenic than low ones, even when the peak loading magnitudes are
similar [13,46]. This rate-dependent effect is thought to be mediated by fluid flow-
induced shear stresses within the lacunar-canalicular network, which are greater
under high-rate loading [71,72]. In vivo studies in animal models have demonstrated
that dynamic loading at high strain rates is more effective at enhancing bone
formation than static or low-rate dynamic loading [13,73].

The frequency and duration of loading also play important roles in bone
adaptation [73,74]. Intermittent or cyclic loading is more osteogenic than continuous
loading, as bone cells become desensitized to prolonged mechanical stimuli [74,75].
Inserting rest periods between loading cycles allows for resensitization of the
mechanosensory apparatus, enhancing the anabolic response [74,76]. Animal

studies have shown that dividing a given loading regimen into multiple short bouts
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separated by recovery periods is more effective at increasing bone mass and
strength than a single continuous prolonged loading bout [75-77].

Seminal animal studies have provided key insights into the effects of specific
loading parameters on bone adaptation. Rubin and Lanyon (1984) [68]
demonstrated in roosters that as few as 36 loading cycles per day were associated
with new bone formation, and that increasing the number of cycles induced no
additional benefit. Later, Rubin et al. (2001) [78] showed that very low-magnitude,
high-frequency vibration could increase trabecular bone density in sheep, even
though these results were not later confirmed in older humans [79]. Turner et al.
(1994) [59] demonstrated that bone formation in rat tibiae increased significantly with
higher loading frequencies while showing no response at lower frequencies. This
suggests that the osteogenic response is closely linked to fluid flow within the bone
matrix. This concept was further supported by Hsieh and Turner (2001) [73], who
observed that loading with higher frequencies was more effective than lower
frequencies in increasing bone formation in rats, leading to the need of lower strain
thresholds to effectively stimulate bone formation. In addition to these findings,
Robling et al. (2002) [77] also demonstrated that partitioning a loading protocol into
multiple short bouts separated by rest periods enhanced the anabolic response
compared to a single more prolonged bout, highlighting the importance of rest
periods in optimizing bone adaptation.

While most of these foundational studies were conducted in animals, the
principles of mechanical loading have also been shown to apply to humans
[16,80,81]. High-impact activities like running and jumping and high-intensity
resistance training are more effective at increasing bone mineral density and
strength than low-impact activities like walking [16,17,80]. The osteogenic response
to loading also varies depending on age and sex, with the highest benefits observed
during the pre- and early pubertal years [82,83]. After skeletal maturity, the adaptive
response to loading is attenuated but still present, which is particularly relevant for
postmenopausal women and older adults with osteoporosis and at risk of fragility
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fractures [81,84]. Thus, optimizing the manipulation of mechanical loading variables
through targeted exercise interventions remains a key strategy for promoting bone
health throughout the lifespan [83-85].

2.3.Physical activity and bone health

Physical activity plays a critical role in developing and maintaining bone
health. Weight-bearing activities that generate high-impact forces are particularly
effective at stimulating bone formation and increasing bone mineral density [16,86].
These activities produce ground reaction forces several times greater than body
weight, inducing strains and stresses that exceed the osteogenic threshold [12] . The
repetitive nature of these impacts also provides the dynamic loading necessary for
optimal bone adaptation [10,67]. Resistance training is another form of physical
activity that can promote bone health by imposing mechanical loads on the skeleton
[19,80,87]. Resistance exercises engage large muscle groups and involve
compound movements that generate high forces and strains, thus stimulating
osteogenic adaptation [10,16].

Numerous studies have demonstrated the beneficial effects of impact
activities on bone health across the lifespan [83-85]. In children and adolescents,
participation in sports that involve jumping, sprinting, and multidirectional
movements has been associated with greater bone mass and strength compared to
non-impact sports or sedentary behavior [88,89]. A meta-analysis by Behringer et al.
(2014) [90] found that weight-bearing exercise interventions significantly increased
bone mineral content in children and adolescents. In premenopausal women, high-
impact exercise has been shown to enhance bone mineral density at the hip [80,81]
and, when combined with resistance training, also at the lumbar spine [80].
Vainionpaa et al. (2006) [21] observed that the intensity of exercise, as measured
by the magnitude of vertical acceleration peaks, was positively associated with bone
mineral density changes in premenopausal women. In postmenopausal women,

high-impact training combined with high-intensity resistance training has been found
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to significantly increase bone mineral density at the lumbar spine and femoral neck
and increase femoral neck cortical thickness [84].

Walking and running are two of the most common forms of weight-bearing
exercise, and their effects on bone health have been extensively studied [91-95].
Walking is a low-impact activity that generates ground reaction forces of 1-2 times
body weight while running produces forces of 2-3 times the body weight [16]. Regular
walking, mainly at brisk paces, has been frequently associated with higher bone
mineral density and lower fracture risk in postmenopausal women, suggesting its
potential as an effective weight-bearing exercise for maintaining bone health [95,96],
even though it is not recommended for patients with high fracture risk [97]. Running
has been consistently associated with increased bone mass and improved bone
strength, particularly in weight-bearing regions such as the hip and spine, from young
adults to older individuals [94,98]. However, high running volumes may have
diminishing returns or even detrimental effects on bone health, possibly due to
overuse injuries or energy imbalances [99,100].

Jumping is a high-impact activity that imposes substantial mechanical loads
on the skeleton, generating ground reaction forces that reach 6-8 times an
individual's body weight [16]. These forces produce highly effective strains in
stimulating osteogenic responses, making jumping a potent stimulus for bone
adaptation [19,101]. The mechanical loadings induced by jumping also result in high
strain rates, which are particularly effective at stimulating bone formation
[42,102,103]. Exercise interventions based on jumping activities have been shown
to significantly increase bone mineral density and strength in children, adolescents,
and premenopausal women [81-83]. In postmenopausal women, jumping combined
with other high-impact exercises has been found to attenuate bone loss and improve
bone structure [84]. Mechanical loading-induced osteogenic effects are site-specific,
with the most remarkable adaptations occurring in skeletal regions that experience
the highest strains [68,104]. In the case of jumping, the hip and spine are subjected
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to the highest loads during landing, resulting in more pronounced benefits at these

sites than other skeletal regions [101,105].

Regarding resistance exercise, a meta-analysis by Martyn-St James and
Carroll (2006) [87] found that high-intensity resistance training significantly increased
lumbar spine bone mineral density in postmenopausal women, while effects on the
femoral neck were inconsistent and non-significant. In older men, resistance training
has been shown to enhance bone mass, geometry, and strength, mainly when
performed at high intensities and with high loading rates [106,107].

Currently, several exercise recommendations exist for bone health across
different populations [16,17,54,55]. The American College of Sports Medicine
advises adults to engage in moderate- to high-intensity weight-bearing activities,
such as walking, jogging, jumping, and stair climbing, 3 to 5 times per week [16]. The
ACSM also recommends practicing moderate to high intensity resistance exercises
2 to 3 times per week [16]. Each weight-bearing and resistance exercise session
should last 30 to 60 minutes [16]. Exercise and Sports Science Australia (ESSA)
encourages adults to perform impact exercises that generate at least 4 times their
body weight in loading magnitude 4 to 7 times per week [17]. These impact exercises
can include various types of jumping, performed in 3 to 5 sets of 10 to 20 repetitions,
with 1 to 2 minutes of rest between sets [17]. The ESSA also recommends
participating in high-intensity resistance exercises (80% to 85% of one repetition
maximum) twice a week, with 2 to 3 sets of 8 repetitions each [17]. Additionally,
balance exercises are recommended to reduce fall risk, which influences fracture
risk [17,108]. The National Osteoporosis Foundation advises regularly practicing
weight-bearing and muscle-strengthening exercises to maintain or improve bone
strength and balance exercises to lower the risk of falls and fractures [54]. A
consensus statement from the United Kingdom emphasizes the importance of
resistance exercises for all individuals with osteoporosis [55]. It recommends
performing these exercises 2 to 3 times per week, focusing on major muscle groups
with 2 to 3 sets of 8 to 12 repetitions [55]. Exercises that strengthen back muscles
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are also advised to enhance posture and support the spine [55]. The statement also
suggests engaging in moderate-impact activities, such as jumping, skipping,
hopping, and running, on most days, aiming for around 50 impacts with rest periods
in between [55]. Lastly, to reduce the risk of falls, it recommends the practicing
exercises like Tai Chi, dance, yoga, and Pilates, at least 2 times per week [55].

2.4. Mechanical loading assessment

Accurate assessment of mechanical loading during physical activity is
essential for understanding the dose-response relationship between loading and
bone adaptation and for designing effective interventions to promote bone health
[2,9,109]. Several methods have been used to measure or estimate mechanical
loading, each with its strengths and limitations [23,25,30-32,35,110,111].

In animal studies, mechanical loading is often assessed using electrical
resistance strain gauges attached to the surface of bones. This allows researchers
to quantify the mechanical strains experienced by bones during various activities
[110]. Pioneering work in this area was conducted by Lanyon and Smith [112], who
demonstrated that attaching strain gauges to bones could provide detailed insights
into the strain environment during locomotion. These studies revealed remarkable
uniformity in peak strains across different species and activities, supporting the
mechanostat theory of bone adaptation, which advocates that bone structure adjusts
in response to mechanical loading [110]. These techniques have also been applied
to human subjects [113]. However, they are invasive and challenging to implement

in human studies due to ethical considerations and practical limitations.

Given the difficulties associated with directly measuring mechanical loads in
humans, researchers often rely on ground reaction forces as a surrogate measure
of mechanical loading [23,114]. Ground reaction forces represent the forces exerted
by the ground on a body in contact with it and are typically measured using force
plates [23,114]. These devices are the gold standard for assessing mechanical
loading during weight-bearing activities [23]. They provide precise data on the
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magnitude, direction, and timing of forces acting on the body, enabling researchers
to accurately calculate joint moments and stresses [23,41,115]. While force plates
offer high accuracy, their use is limited to laboratory settings primarily due to their
requirement for specialized settings and ancillary equipment [23,114]. This limitation
restricts their application in large-scale or long-term studies examining physical

activity and bone health.

Pressure insoles are wearable devices that measure the pressure distribution
under the foot during weight-bearing activities [111]. They consist of thin, flexible
sensors inserted into the shoe and connected to a data logger or wireless transmitter
[41,111]. Pressure insoles provide a portable, low-cost alternative to force plates for
estimating ground reaction forces outside the laboratory [116,117]. These insoles
contain an array of pressure sensors that measure pressure distribution across the
foot during weight-bearing activities [111]. The force estimates are calculated
indirectly by integrating the pressure data over the contact area and multiplying by
the area of sensor location [111]. However, this method has limitations and may be
less accurate compared to plates, which directly measure the three-dimensional
forces applied to the ground [23,41,111].

Questionnaires are subjective methods that have been used to assess
physical activity and estimate mechanical loading [24,25]. These tools require
individuals to recall their participation in various activities over a specified period
[118,119]. Questionnaires can provide valuable information on the type, frequency,
duration, and intensity of activities, which can then be used to estimate the
mechanical loads experienced by the body [24,25]. For example, the Bone-specific
Physical Activity Questionnaire assigns load ratings to different activities based on
ground reaction forces and asks individuals to report their current and past
participation in these activities [25,120]. This questionnaire has been shown to
predict bone outcomes in various populations, suggesting it captures relevant
information about mechanical loading [120,121]. However, questionnaires and
diaries have limitations, such as recall bias, social desirability bias, and lack of
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precision in quantifying the intensity and frequency of activities [26,122]. As they do
not provide direct measures of mechanical loading, their ability to establish dose-
response relationships between loading and bone adaptation is limited [27,28].

Accelerometers are wearable technology equipment that have been used to
assess mechanical loading during physical activity [29-32,35,38,39].
Accelerometers are small, lightweight devices that measure accelerations in one or
more axes, indicating the magnitude and frequency of the forces experienced by the
body [36,123]. They have been widely used in physical activity research to quantify
the intensity, duration, and movement patterns in free-living conditions [124,125].
Accelerometers have also been applied to the study of bone loading based on the
premise that accelerations are proportional to the forces acting on the body [33—-35].
Several studies have shown that accelerometer-derived measures, such as peak
acceleration, acceleration gradient, and cumulative acceleration, are associated with

ground reaction forces and bone outcomes [34,35,44,103].

Accelerometers also have several limitations in estimating mechanical
loading. First, they do not directly measure forces but rather accelerations, which are
influenced by soft tissue motion and external vibrations [126]. Second,
accelerometers have a limited ability to capture certain types of loading, such as
skeletal muscle tension and bending moments, which are also important contributors
to bone adaptation [127]. Therefore, they are unsuitable for estimating mechanical
loadings generated by resistance training, an important and commonly prescribed
exercise mode for improving bone health [16,17,54]. Third, the device's
specifications, such as sampling frequency, measurement range, and filtering, can
affect accelerometer output, making it difficult to compare results across studies
[36,37]. Finally, accelerometers require careful calibration, data processing, and
interpretation to ensure valid and reliable results [47,128].
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2.5. Accelerometry technology

Accelerometers have emerged as a promising tool for assessing mechanical
loading during physical activity due to their ability to measure accelerations that are
related to the forces experienced by the body [33-35]. These devices are
electromechanical sensors that convert physical motion into electrical signals
proportional to the acceleration [123]. Accelerometers typically consist of a proof
mass attached to a spring or beam, which deflects in response to accelerations, and
a transducer that converts the mechanical displacement into an electrical output
[129]. The output is then filtered, amplified, and digitized to produce a time series of

acceleration data [123].

Various types of accelerometers are available, each with advantages and
limitations based on their sensing mechanism and output characteristics. The most
common types include piezoelectric, piezoresistive, and capacitive accelerometers
[129]. Recent advancements in microelectromechanical systems technology have
led to the development of miniaturized, low-power, and low-cost accelerometers
well-suited for wearable applications [130]. This kind of accelerometer, which
typically use capacitive sensing, has been widely used in consumer electronics and

research-grade devices for physical activity and health monitoring [36,129].

To effectively use accelerometers in research settings, several key steps in
data collection and processing must be considered [47,48]. First, the accelerometer
captures mechanical acceleration and converts it into an electrical signal [129]. This
signal is then calibrated to establish the relationship between the signal and the
acceleration, typically assumed to be linear with an offset and gain factor [129,131].
After calibration, the raw acceleration signal is filtered to remove noise and artifacts
using low-pass, high-pass, and band-pass filters [132]. Feature extraction is then
performed to derive variables from the acceleration data, such as average
acceleration, peak acceleration, acceleration gradients, coefficient of variation, and
frequency-domain characteristics [35,133]. Finally, validation needs to be done to
transform these accelerometer-derived variables into valid biologically meaningful
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outcomes, such as energy expenditure or mechanical loading, using established
prediction equations or machine learning algorithms based on gold standard
procedures [47,48,124].

Several signal processing techniques have been employed to analyze
accelerometer data to assess mechanical loading [29,32,44,103]. Peak detection is
a common technique that involves identifying the maximum acceleration value within
a given time window [32]. Peak accelerations have been shown to correlate with
ground reaction forces [33—35] and have been used to estimate the intensity and
frequency of impacts during various activities [29-32,38,39]. Time-domain analysis
is another technique that involves calculating statistical measures of the acceleration
signal, such as mean, standard deviation, and root mean square [134]. These
measures provide information about the overall magnitude and variability of the
accelerations and have been used to classify different types of activities and
movements [133]. Frequency-domain analysis techniques, such as Fourier
transforms and wavelet analysis, can decompose the acceleration signal into its

constituent frequencies and identify specific patterns of movement [134].

The placement of accelerometers on the body is another important
consideration for assessing mechanical loading, as the location and orientation of
the device can affect the magnitude and direction of the measured accelerations
[37,132]. The most common placement sites are the hip, waist, and wrist, associated
with different movement and loading patterns [37]. Hip and waist placements, due to
their proximity to the body’s center of mass, are often used to assess whole-body
movements and vertical accelerations, which are related to ground reaction forces
and bone loading [30-32,35,44]. Wrist placement is often used to assess upper limb
movements and activities of daily living but may not capture the loading experienced
by the lower limbs and torso [135]. Other placement sites, such as the ankle, thigh,
and lower back, have also been used to assess specific movements and loading
patterns [31,32]. Importantly, the optimal placement site will depend on the specific
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research question, population, and activities of interest and may require validation

against criterion measures [37].

The dynamic range and sampling frequency of accelerometers are important
technical considerations when assessing mechanical loading [32,39,41]. The
dynamic range refers to the range of accelerations the device can measure
accurately, typically expressed in £g, where 1g represents the earth’s gravitational
acceleration (9.807m-s?). Accelerometers with a higher dynamic range, such as +8g
or +16g, are better suited for capturing high-impact activities and fast movements.
In contrast, those with lower dynamic ranges may be sufficient for measuring low-
impact activities and slower movements. Another essential aspect is the
accelerometer sampling frequency, expressed in Hertz (Hz) [37,41]. It determines
the temporal resolution of the acceleration data and the ability to capture high-
frequency movements. Higher sampling frequencies, such as 100Hz or above, are
necessary for accurately measuring rapid movements and impacts [32,41]. Again,
the choice of dynamic range and sampling frequency will depend on the specific
research question, the characteristics of the study population, and the activities of
interest. It is essential to ensure that the accelerometer specifications are
appropriate for capturing the desired range and frequency of mechanical loading to
be assessed.

2.6. Mechanical loading variables and their prediction using accelerometer
data

2.6.1. Ground reaction forces and loading rate

Ground reaction forces are the forces exerted by the ground on the body
during contact and are a key determinant of the mechanical loading experienced by
the musculoskeletal system [23,136]. These forces arise from the acceleration of the
body's center of mass and are equal and opposite to the forces applied by the body
to the ground [23,115]. Ground reaction forces comprise three orthogonal
components: vertical, anteroposterior, and mediolateral [23,115,136]. The vertical
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component of the ground reaction force is the most studied and typically has the
highest magnitude among the three components [23]. This component represents
the force acting perpendicular to the ground surface [23]. The anteroposterior
component represents the force acting parallel to the ground surface in the direction
of movement, while. In contrast, the mediolateral component represents the force
acting perpendicular to the direction of movement [23]. The magnitude and timing of
these components vary depending on the activity type and the movement phase
[115].

During walking and running, the vertical ground reaction force typically
exhibits a characteristic pattern with two peaks: an impact peak at heel strike and an
active peak during push-off [136]. The impact peak is associated with the rapid
deceleration of the foot and leg at initial contact. It is influenced by factors such as
foot strike pattern, shoe cushioning, and surface stiffness [136,137]. The active peak,
on the other hand, is related to the acceleration of the body's center of mass during
midstance and push-off and is affected by factors such as running speed, stride
length, and muscle activation [137,138]. The magnitude of the vertical ground
reaction force increases with locomotion speed and can reach values of 2-3 times

body weight during moderate-intensity running [136].

The anteroposterior ground reaction force demonstrates a biphasic pattern
during walking and running, with a braking force during the first half of the stance
and a propulsive force during the second half [136]. The braking force occurs as the
foot strikes the ground and the body's center of mass decelerates. In contrast, the
propulsive force is generated during push-off to accelerate the body's center of mass
forward [138]. The magnitude of the anteroposterior ground reaction force is typically
smaller than the vertical ground reaction force and is usually less than body weight
[136]. The mediolateral ground reaction force, being the smallest component,
exhibits a variable pattern that depends on the specific activity and the individual's
gait characteristics [115].
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Another important variable of ground reaction forces is the loading rate, which
refers to the rate of change of the force overtime [13,45,103]. The loading rate is
typically measured as the slope of the ground reaction force during the initial impact
phase and is expressed in units of force per second [13,103]. High loading rates
have been associated with positive bone health effects by eliciting high lacuna-
canalicular fluid flow. They are particularly effective in stimulating bone remodeling
and increasing bone strength [103]. However, excessive loading rates have also
been linked to an increased risk of stress fractures and other overuse injuries, as
they generate high strain rates that can cause microdamage to the bone tissue [139].
Loading rates are influenced by running speed, stride length, and muscle activation,
and can be modified through gait retraining and other interventions [140].

2.6.2. Ground reaction forces and loading rate prediction using
accelerometer data

Ground reaction forces can be estimated from accelerometer data using
biomechanical models [41]. The basic principle is that the acceleration of the body's
center of mass is proportional to the net force acting on the body, according to
Newton's second law of motion [32,41]. By measuring the acceleration of a body
segment, such as the hip or trunk, and knowing the segment's mass, the GRF can
be estimated using inverse dynamics [37]. However, this approach requires accurate
segment kinematics and inertial properties measurements, which can be challenging
with wearable sensors [41]. Linear regression models have been used to estimate
ground reaction forces from accelerometer data establishing a relationship between
the acceleration features and the measured ground reaction forces [29-32]. These
techniques have shown promising results, with less than 10% errors for the vertical
ground reaction forces during walking and running [29,32]. In addition to linear
models, machine learning techniques such as artificial neural networks and support
vector machines have also been employed to estimate ground reaction forces from

accelerometer data [41].
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Several studies have developed and validated ground reaction force
prediction models for different populations and activities. Fortune and colleagues
(2014) [31] developed models to predict ground reaction force using data from
accelerometers worn at the ankle, tibia, thigh, and waist. The study was on a sample
of adults and used walking as the activity tested. They achieved accuracies ranging
from approximately 7% to 13%, with the ankle-worn accelerometer providing the
most accurate estimates. Neugebauer et al. (2014) [30] recruited a sample of adults
who wore accelerometers on their hips while walking and running. The vertical
ground reaction force's prediction accuracy was around 8%. Veras et al. (2020) [32]
also recruited a sample of adult with a wide range of body masses (50-150kg
approximately). In this study, participants wore accelerometers at their hip and lower
back while walking. Prediction accuracies ranged from around 5% to 7%, and the
hip-worn accelerometer achieved the best results. These studies demonstrate the
feasibility and accuracy of mechanical loading prediction models based on
accelerometer data but also highlight the need for further validation and refinement
of the models for different populations and activities [30-32].

Loading rates can also be estimated from accelerometer data using
approaches similar to those used for ground reaction forces [31,32]. However, the
estimation of loading rates is more challenging, as it requires high sampling rates
and low noise levels to capture the rapid changes in acceleration during the impact
phase. Studies validating accelerometry-based loading rate prediction models have
reported varying levels of accuracy. Veras et al. (2020) [32] developed regression
equations incorporating peak acceleration transient rate and body mass to predict
peak loading rate in participants with a wide body mass index range, achieving errors
of approximately 20%. The study demonstrated the potential for accelerometer-
derived loading rate predictions in clinical settings despite errors being higher than
for ground reaction force prediction. Similarly, Fortune et al. (2014) [31]
demonstrated that ankle- and waist-worn accelerometers provided the most
accurate estimates of peak vertical loading rates during walking across various
speeds, with mean absolute differences of 23-26%. These findings highlight the
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feasibility of using accelerometers to estimate loading rates in dynamic activities,
although improvements in technology and model refinement are necessary to
enhance prediction accuracy further.

2.6.3. Activity classification and its importance in the context of
mechanical loading prediction

Activity classification, which involves identifying and categorizing different
types of physical activities, plays a crucial role in mechanical loading prediction.
Different activities exhibit distinct loading patterns and require specific prediction
models [35]. Accurate activity classification can enhance the accuracy and specificity
of mechanical loading prediction by selecting the appropriate model for each activity,
thereby avoiding the application of unsuitable models for each movement pattern.

Activity classification can be performed using machine learning algorithms,
such as decision trees, support vector machines, and artificial neural networks [141].
These algorithms learn the relationship between the sensor data and the activity
labels based on a training dataset that includes both the sensor data and the
corresponding activity labels [141]. The trained algorithm can then classify new
sensor data into different activity categories based on the learned patterns and rules
[141].

Several studies have developed and validated activity classification models
for different populations and activities. Cleland et al. (2013) [142] developed a
support vector machine algorithm to classify six activities (walking, running, sitting,
lying, standing, and walking up and down the stairs) based on accelerometer data
from the chest, wrist, lower back, hip, thigh, and foot in young adults. The model
had an overall accuracy of around 96% and could effectively distinguish between
activities with different loading patterns, such as walking and running. Sasaki et al.
(2016) [143] developed a support vector machine and random forest algorithms to
classify five activity types (sedentary, standing, household, locomotion, recreational)
based on hip, wrist, and ankle accelerometer data in free-living older adults. The
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algorithms trained on free-living data achieved overall accuracy rates of 58-69%,
outperforming lab-trained algorithms. The hip and ankle placements performed
slightly better than the wrist in classifying activities. Ellis et al. (2016) [144] developed
machine learning algorithms using random forests and hidden Markov models to
classify four activity types (sitting, standing, walking/running, and riding in a vehicle)
based on hip and wrist accelerometer data in free-living women with overweight or
obesity. The hip and wrist accelerometers achieved an overall accuracy of around
87%. While these studies demonstrate the feasibility and accuracy of activity
classification models based on accelerometer data, there is a lack of classification
methods explicitly designed for the context of bone health-related mechanical
loading. Further research is therefore needed to develop and validate activity
classification models that can accurately identify and differentiate between activities
with distinct osteogenic potential, such as walking, running, and jumping, to improve

the assessment of mechanical loading in free-living conditions.

2.7.Methodological considerations

The development and validation of mechanical loading prediction models
based on accelerometer data involve several methodological considerations, which
can affect the results' accuracy, reliability, and generalizability [37,41,47,48]. These
considerations include the study design, sample size, data quality control, statistical
approaches, validation methods, and external validity [47,48].

Sample size and data quality control are crucial methodological
considerations in mechanical loading research that are closely interconnected
[41,47,48]. Smaller sample sizes may limit the reproducibility and external validity of
the findings and increase the risk of type Il errors. In contrast, larger sample sizes
provide more robust and representative results at the cost of increased resource
requirements and potentially more complex statistical models [47,48]. To ensure the
accuracy and reliability of the data, researchers must implement appropriate data
quality control measures, which typically involve three main steps: data cleaning,
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filtering, and imputation [37,41,48]. While data quality control is essential for
improving the accuracy and reliability of the results, researchers must be aware that
it can also introduce bias and reduce data variability.

The selection of appropriate statistical approaches is crucial in determining
the type and quality of inferences that can be drawn from the data [48]. Regression-
based approaches, such as linear, logistic, and polynomial regression, have been
widely used to model the relationship between accelerometer data and mechanical
loading variables [30,32]. These approaches offer several advantages, making them
particularly useful for estimating associations' magnitude and direction and
predicting outcomes based on predictors. Regression-based methods provide high
interpretability, allowing researchers to quickly understand the relationship between
variables and communicate their findings to a broader audience [41,48,145].
Moreover, these approaches are well-suited for studies with smaller sample sizes
and less complex data structures, as they require fewer assumptions and are less
computationally intensive compared to more advanced techniques [41,48].
Additionally, regression-based methods can control for confounding variables and
assess the relative importance of different predictors, providing a more
comprehensive understanding of the factors influencing mechanical loading
[146,147]. However, it is essential to note that regression-based approaches
assume linear and additive relationships, which may not always capture non-linear
and interactive effects [145]. In contrast, machine learning approaches, such as
decision trees, support vector machines, and artificial neural networks, can model
more complex and non-linear relationships and handle high-dimensional and
multicollinear data [148]. Still, they often require large and diverse datasets and may
be more challenging to interpret and generalize [148]. Ultimately, the choice of
statistical approach should be guided by the research question, data characteristics,
and the desired balance between interpretability and generalizability, with
regression-based methods remaining a robust and widely applicable choice in many
mechanical loading studies.
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Validation methods are crucial in determining the accuracy and
generalizability of prediction models in mechanical loading research [48]. Cross-
validation techniques, such as k-fold cross-validation and leave-one-out cross-
validation, have been widely employed to estimate prediction error and optimize
model parameters [41,48]. These methods involve partitioning the data into training
and testing sets and repeatedly fitting and evaluating the models on different subsets
of the data [48]. Compared to single-sample methods, cross-validation approaches
provide more robust and unbiased estimates of prediction error. However, cross-
validation methods may not fully capture the variability and heterogeneity of the
population, potentially leading to an overestimation of model performance in new
settings [48]. To address this limitation, external validation methods can be
employed to provide more direct evidence of the generalizability and transportability
of the models [48,147]. External validation involves testing the models on
independent datasets from different populations or settings, offering a more rigorous

assessment of their performance in real-world scenarios.

External validity is another critical consideration, as it determines the
applicability and relevance of the results to real-world settings [48,149]. Most studies
have been conducted ising standardized protocols and equipment [29-32,147].in
controlled laboratory settings Laboratory settings can provide more accurate and
reliable measurements of the mechanical loading variables, ad can control for
confounding factors such as speed, surface, and footwear [150]. However,
laboratory settings may not reflect the variability and complexity of real-world
environments and may limit the ecological validity of the results. Field-based studies,
which involve data collection in free-living conditions, can provide more realistic and
representative measurements of the mechanical loading variables, and can capture
the context and variability of daily activities. The choice of study setting depends on
the research question, the available resources, and the desired level of control and
generalizability.
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2.8.Clinical applications

Developing accurate and reliable methods for predicting mechanical loading
from accelerometer data has important research and clinical applications for bone
health assessment, monitoring, and management. Bone health is critical to overall
health and quality of life, as it affects the risk of fractures, disability, and mortality
[151,152]. Accelerometer-based methods for predicting mechanical loading offer a
non-invasive, portable, and scalable approach for quantifying the forces experienced
by the musculoskeletal system during physical activity [30—32]. These methods can
provide valuable insights into the mechanical stimuli that influence bone health,
enabling researchers and clinicians to better understand the relationship between
physical activity and bone adaptation. By accurately assessing mechanical loading
in various settings and populations, accelerometer-based prediction models can
inform the development of targeted interventions and monitoring strategies to

optimize bone health outcomes.

A potentially important clinical application of accelerometer-based mechanical
loading prediction is exercise monitoring and prescription. Exercise is a key
modifiable factor for promoting bone health, as it can stimulate bone formation,
reduce bone resorption, and improve bone strength and quality [153]. However, the
optimal type, intensity, frequency, and duration of exercise for bone health vary
depending on the individual's age, sex, health status, and preferences
[16,17,94,154]. Accelerometer-based methods can provide personalized and
objective data on the mechanical loading experienced during different types of
exercise, which can inform the design and monitoring of exercise programs. For
example, accelerometer-based methods can be used for exercise that generate
high-impact loading, such as jumping and running, which are more effective for
stimulating bone formation. Moreover, accelerometer-based methods can be
employed to monitor the progression of loading over time, allowing for the
adjustment of exercise programs to maintain an appropriate osteogenic stimulus as

the individual adapts to the current regimen. Additionally, these methods can
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promote adherence to exercise programs by providing patient feedback and

motivation.

Accelerometer-based mechanical loading prediction can also play a valuable
role in rehabilitating patients with bone health conditions, such as osteoporosis or
osteopenia. These conditions are characterized by low bone mass, compromised
bone structure, and increased fracture risk, which can lead to pain, disability, and
reduced quality of life [54]. Rehabilitation protocols for these conditions typically
involve a multifaceted approach, combining pharmacological, nutritional, and
physical therapy interventions to improve bone health, reduce fracture risk, and
restore function [16,17,54]. Accelerometer-based methods can be used to monitor
the mechanical loading experienced during rehabilitation exercises, and to ensure
that the exercises are safe, effective, and progressive. For example, mechanical
loading prediction methods can identify the types of exercises that generate low-
impact loading that are appropriate for these patients. Accelerometer-based
prediction methods can also monitor the patient's activity level and sedentary
behavior, which are important for bone health and recovery.

In sports performance and injury prevention, accelerometer-based
mechanical loading prediction can optimize training programs and reduce the risk of
injuries such as stress fractures [57,58]. These fractures are a common type of
overuse injury in athletes, particularly in sports that involve repetitive high-impact
loading, such as running, jumping, and pivoting [57]. Stress fractures occur when the
bone is repetitively subjected to mechanical loads that exceed its capacity to repair
and adapt, leading to microdamage accumulation and fracture development [57].
Accelerometer-based methods can be used to monitor the mechanical loading
experienced during training and competition and identify the athletes at risk of
developing stress fractures [57,58]. For example, accelerometer-based methods can
measure the number and magnitude of high-impact loading cycles associated with
increased stress fracture risk [58].
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Accelerometer-based mechanical loading prediction can benefit various
special populations with unique bone health needs and challenges, such as the
elderly, individuals with obesity, high level athletes, clinical populations, and bariatric
surgery patients [56,58,155,156]. For instance, the elderly population faces a high
risk of osteoporosis and fragility fractures due to age-related declines in bone mass
and strength [155]. In this context, mechanical loading prediction models can be
used to assess the impact of different exercise interventions on bone health in the
older people, accelerometer-based approaches can help identify elderly individuals
who may not be engaging in sufficient bone-stimulating activities, prompting
healthcare professionals to provide targeted recommendations for increasing
mechanical loading through exercise or daily activities to maintain or improve bone
health. Similarly, patients with obesity may experience bone health problems due to
metabolic and hormonal alterations associated with obesity [156]. These prediction
methods can be employed to monitor mechanical loading during weight-bearing
activities and estimate the potential impact of weight loss interventions on bone
health. Also, bariatric surgery patients experience rapid weight loss [157] and
changes in mechanical loading post-surgery [56], which can lead to bone loss [158]
and increased fracture risk [159]. Accelerometer-based methods can be
instrumental in monitoring mechanical loading before and after surgery, aiding in

identifying patients at risk of bone health complications [56].

High-level athletes, frequently exposed to high levels of mechanical loading
during training and competition, may also benefit from these prediction techniques
to optimize their training programs for performance enhancement and injury
prevention, particularly in the context of overuse injuries and stress fractures [57,58].
Furthermore, clinical populations, such as patients with osteoporosis, diabetes, and
chronic kidney disease, face bone health challenges due to underlying disease
processes and medication side effects. In these cases, mechanical loading
prediction can help monitor daily activities and exercise and assess the effectiveness
of pharmacological and non-pharmacological interventions for bone health.
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2.9. Future directions

The accelerometer-based mechanical loading prediction field is undergoing
rapid advancements, with novel technologies, methodologies, and applications
continually emerging. To fully harness the potential of this field for bone health
research and clinical practice, several key areas must be prioritized for future
development. From a technical perspective, ongoing efforts should improve the
accuracy, reliability, and versatility of accelerometer-based prediction models across
diverse populations and activities. This may involve the development of more
sophisticated algorithms, the incorporation of machine learning techniques, and the

exploration of new sensor configurations and data fusion approaches.

In terms of research needs, future studies should aim to validate and refine
existing prediction models in more extensive and more heterogeneous samples, as
well as investigate the long-term associations between accelerometer-derived
mechanical loading metrics and bone health outcomes. Moreover, there is a need to
establish standardized protocols and best practices for data collection, processing,
and analysis to ensure the comparability and reproducibility of findings across
studies.

From a clinical implementation standpoint, efforts should be directed toward
translating accelerometer-based mechanical loading prediction into practical tools
and guidelines that can be readily integrated into routine bone health assessment
and management. This may involve the development of user-friendly software
platforms, the creation of normative databases, and the provision of training and
support for healthcare professionals.

Finally, integrating accelerometer-based mechanical loading prediction with
other technologies, such as imaging modalities, biomarkers, and digital health
platforms, holds immense promise for advancing personalized bone health
interventions. By combining multiple data sources, researchers, clinicians, and

exercise physiology practitioners can gain a more comprehensive understanding of
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an individual's bone health status, risk factors, and response to therapeutic

interventions, ultimately enabling the delivery of targeted and effective healthcare.
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ABSTRACT

Currently, there is no way to assess mechanical loading variables such as peak ground reaction
forces (pGRF) and peak loading rate (pLR) in clinical settings. The purpose of this study was to
develop accelerometry-based equations to predict both pGRF and pLR during walking and
running. One hundred and thirty one subjects (79 females; 76.9 + 19.6 kg) walked and ran at
different speeds (2-14km-h™") on a force plate-instrumented treadmill while wearing
accelerometers at their ankle, lower back and hip. Regression equations were developed to
predict pGRF and pLR from accelerometry data. Leave-one-out cross-validation was used to
calculate prediction accuracy and Bland-Altman plots. Our pGRF prediction equation was
compared with a reference equation previously published. Body mass and peak acceleration
were included for pGRF prediction and body mass and peak acceleration rate for pLR
prediction. All pGRF equation coefficients of determination were above 0.96, and a good
agreement between actual and predicted pGRF was observed, with a mean absolute percent
error (MAPE) below 7.3%. Accuracy indices from our equations were better than previously
developed equations. All pLR prediction equations presented a lower accuracy compared to
those developed to predict pGRF. Walking and running pGRF can be predicted with high
accuracy by accelerometry-based equations, representing an easy way to determine mechanical
loading in free-living conditions. The pLR prediction equations yielded a somewhat lower
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prediction accuracy compared with the pGRF equations.

Highlights

o Peak ground reaction forces can be accurately predicted through raw accelerometry data.
e These predictions are valid for a broad range of body masses and for ankle, lower back and hip

accelerometer placements.

* Peak loading rate prediction presented lower accuracy compared with peak ground reaction

force prediction.

e These findings result in a simple method to predict mechanical loading in clinical practice,
which is relevant in some areas of sports medicine such as bone health and injury prevention.

1. Introduction

Physical activity-related mechanical loading plays a key
role in bone health, by promoting favourable adap-
tations on bone mass, geometry and microarchitecture
(Fonseca, Moreira-Goncalves, Coriolano, & Duarte,
2014; Turner & Robling, 2003). However, not all forms
of mechanical stimulation are equally osteogenic, and
the manipulation of variables such as loading magni-
tude, rate, frequency and volume can produce
different bone responses (Turner, 1998; Turner &

Robling, 2003). Therefore, the accurate assessment of
mechanical loading is of paramount importance to
better understand the bone response to physical stimu-
lus. Nonetheless, a limitation in this context is that mech-
anical loading evaluation is usually performed only by
instruments restrained to laboratory settings.

Force plates are the gold standard instrument for
mechanical loading measurement (Medved, 2000).
However, their cost, need of expertise to collect and
analyze data, of a dedicated indoor space and ongoing
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calibration and maintenance hinders its application in
free-living conditions. Accelerometers, due to their
portability, low-cost and reliability, are widely used to
objectively measure physical activity related to cardio-
metabolic outcomes (Migueles et al., 2017; Troiano,
McClain, Brychta, & Chen, 2014), and, recently, have
been proposed as adequate devices to predict gravita-
tional loading variables (Fortune, Morrow, & Kaufman,
2014; Neugebauer, Collins, & Hawkins, 2014; Neuge-
bauer, Hawkins, & Beckett, 2012; Neugebauer & LaFian-
dra, 2018; Veras et al,, 2020). Given the need to assess
mechanical loading in out-of-laboratory environments
to control and monitor exercise prescription for bone
health, accurate mechanical loading prediction models
need to be developed and validated for the most
common physical activities prescribed to induce bone
adaptations, such as walking, running, and jumping.
These models, apart from being accurate, need to be
transparent, allowing reproducibility of the results, and
ideally offer a tool to facilitate data processing for
those who are not familiar with the employed tech-
niques, such as what is already offered for analyzing car-
diometabolic variables (Migueles, Rowlands, Huber, &
van, Hees, 2019), and increase their applicability.

Ground reaction force is the most studied mechanical
loading variable, and its relationship with bone adap-
tations to exercise is well established (Rantalainen, Hei-
nonen, Komi, & Linnamo, 2008; Rantalainen, Heinonen,
Linnamo, Komi, Takala & Kainulainen, 2009; Turner &
Robling, 2003). Due to its importance, some studies
have already attempted to develop accelerometry-
based peak ground reaction force (pGRF) prediction
equations in different populations, such as children
(Neugebauer et al., 2012), adults (Fortune et al., 2014;
Neugebauer et al., 2014), patients with obesity (Veras
et al., 2020) and military (Neugebauer & LaFiandra,
2018). Nevertheless, most studies included only low-
impact activities. Besides loading magnitude, loading
rate is another variable related to bone health (Row-
lands, Schuna Jr.,, Stiles, & Tudor-Locke, 2014) that
could potentially be predicted by accelerometer data,
but with apparently lower accuracy compared with
PGRF (Fortune et al., 2014; Veras et al., 2020). Further-
more, accelerometry-based peak loading rate (pLR) pre-
diction has only been tested during walking (Fortune
et al,, 2014; Veras et al., 2020).

Since mechanical loading measurements are usually
made only in laboratory settings, there is currently no
way to determine the osteogenic potential of exercise
in real life conditions. Thus, demonstrating that acceler-
ometers are suitable to measure mechanical loading and
developing the methods to do so could have important
implications for clinical practice as well as exercise
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monitoring and prescription, allowing to safely
monitor exercise recommendations with the aim of
improving bone health and decreasing osteoarticular
injury risk. Therefore, given this necessity, this study
aimed to develop accelerometry-based pGRF and pLR
prediction models during walking and running. Our
hypothesis was that accelerometry data can accurately
predict mechanical loading during both walking and
running.

2. Methods
2.1. Study design

This was a cross-sectional study with a convenience
sample.

2.2. Participants

A sample of 131 adults (79 males; 32 + 11.2 years; 165.1
+96cm; 769+19.6kg; 285+81kgm™)  was
recruited. The inclusion criteria were age between 18
and 65 years and ability to walk and run on a treadmill.
Exclusion criteria were any musculoskeletal, neurologi-
cal, or other limitation that hindered the ability to walk
or run safely on a treadmill. Height and body mass
were assessed following standard procedures with a sta-
diometer (model 213; Seca, Hamburg, Germany) and a
digital scale (model 899; Seca, Hamburg, Germany),
respectively. All participants were informed about the
experiments purpose and protocol before giving
written informed consent. The study protocol was
approved by the local Ethics Committee (CES 192-14).

2.3. Protocol

Data collection took place at Porto Biomechanics Lab-
oratory (LABIOMEP-UP) on an instrumented front-back
split-belt treadmill with built-in force plates (AMTI Cor-
poration, Watertown, USA). Before starting the data col-
lection, participants were given time to familiarize with
the treadmill. Protocol consisted of walking and
running, from 2 to 14 km-h™" with 1 km-h™" increment
and 0° slope. Walking and running speeds ranges were
2-6 km-h™" and 7-14km-h™", respectively. Walking
speeds lasted 1 min and running 30 s. To ensure single
foot contact on each force plate, feedback regarding
the location on the treadmill was provided by a
researcher. Participants wore their own sports shoes
throughout the trials.

During the protocol, participants wore three activity
monitors, one at their right hip (along the anterior axil-
lary line, at the level of the iliac crest), another at their
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lower back (midpoint between the posterior superior
iliac spines) and at their right ankle (immediately
superior to the lateral malleolus). Activity monitors at
the waist level were secured on the same elastic belt
with a clip and the one placed on the ankle was
secured by an elastic belt fixed with adhesive tape. In
all placements, the accelerometer vertical axis was
aligned with the body longitudinal axis. The placements
at waist level were chosen as they are closer to the body
centre of mass, and, therefore, their recorded accelera-
tion could properly represent the acceleration of the
body centre of mass. Also, the ankle placement was
tested due to its location closer to the ground contact
point.

Activity monitors used were the GT9X Link (+16g
range; ActiGraph, Pensacola, USA) that incorporates
primary and secondary triaxial accelerometers. As a
manufacturer proprietary filter is applied on the
primary, but not on the secondary accelerometer raw
data, only data from the latter was used in this study,
reducing filtering bias and enhancing data processing
replicability.

Data from force plates were collected at 1000 Hz and
from accelerometers at 100 Hz (GT9X Link maximum
sampling frequency) and operated through the manu-
facturer-supplied software (force plates: Netforce,
Version 3.5.1; AMTI Corporation, Watertown, USA; accel-
erometers: ActiLife version 6.13.3; Actigraph, Pensacola,
USA). Raw ground reaction force (in N) and acceleration
(in gravitational acceleration units; 1g=9.807 m-s~2)
from the x, y and z vectors were exported.

2.4. Outcomes

The outcomes for this study were the predicted values of
pGRF and pLR. The variables derived from the acceler-
ometers, peak acceleration (pACC) and peak accelera-
tion rate (pAR), were used as predictors in the model.
To obtain these variables, force plates and acceler-
ometer data were processed using MATLAB (Version
2019a, Mathworks, Natick, USA), as described elsewhere
(Veras et al., 2020). Briefly, both ground reaction force
and acceleration signals were filtered using a Butter-
worth fourth-order low-pass filter (20 Hz cut-off), and
their resultant vector calculated (r; = /x? 4+ y? + z?).
After that, pACC values were defined as minimum
height of twice the positive acceleration average,
during any given speed, and separated by 04s
minimum. The signals were adjusted through the time
set by the systems clock, with manual correction based
on visual inspection, and synchronized by the
maximum cross-correlation coefficient. Then, pGRF was
determined as the highest value between 0.4 s before
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and after each pACC. The rates of change were com-
puted through a centred derivative from the beginning
of the foot contact to the peak (Equation (1)). The pLR
and pAR were defined as the maximum value in the
array (Equation (2)). An example of ground reaction
force and acceleration curves during the stance phase
of both walking and running can be seen in Supplemen-
tal Figure S1.

pro S =fin M
tiy1 — fizg
fl,, = max(f) @

Regions of interest for data analysis were manually
selected where locomotion patterns were constant,
representing approximately 20-45s periods. Then,
PGRF, pACC, pLR and pAR means of the resultant and
vertical vectors for each participant at each speed for
each accelerometer placement were extracted and
used in all remaining analyses. In walking and running
trials, 53+ 19 and 24 +9 peaks were used to calculate
these means, respectively.

2.5. Statistical analyses

Statistical analyses were conducted using R statistical
software (version 4.1.1, R Foundation for Statistical Com-
puting, Vienna, Austria). All statistical analyses were
registered in an open platform, where R code utilized
can be accessed (https://bit.ly/3A6P3Tx). The statistically
significant value was set as a = 0.05.

Regression equations to predict pGFR and pLR in each
vector for each accelerometer placement were devel-
oped by linear mixed models. Body mass (kg), body
mass index (BMI; kg-m_z), and BMI category were
tested as predictors in all models. Additionally, pACC
and pAR were tested as predictors in pGRF and pLR
models, respectively. All predictors were tested as fixed
effects, and body mass, pACC and pAR were shown to
be significant predictors. Subject and speed were
tested as random effects, and the inclusion of both has
showed to improve the models. Final models were
chosen according to —2 log-likelihood statistics (Field,
Miles, & Field, 2012). Traditional coefficient of determi-
nation (R?) was represented by conditional R?, which
estimates the variance explained by the whole model
(Nakagawa & Schielzeth, 2013).

Models were validated using the leave-one-out cross-
validation approach (Staudenmayer, Zhu, & Catellier,
2012). For this, each participant’s data were separated
into a testing dataset (one participant at a time) with
the remaining data in the training dataset. New linear
mixed models with the same outcomes and predictors
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as determined for the entire sample were developed
using the training dataset and then used to predict the
outcome for the participant in the testing dataset. This
process was repeated for all participants (131 times).
Data from the testing dataset was used in the remaining
statistical analysis.

To assess the models prediction accuracy, mean
absolute error (MAE), mean absolute percent error
(MAPE) and root mean square error (RMSE) were calcu-
lated. Although there is no standard threshold defining
an acceptable error for mechanical loading prediction,
based on previous studies we considered a MAPE <8%
to be an accurate prediction (Ancillao, Tedesco, Barton,
& O'Flynn, 2018; Fortune et al, 2014; Neugebauer
et al., 2014). Methods agreement was evaluated with
Bland-Altman plots by plotting the difference between
the actual (force plates-measured) and predicted
values against their mean. Bias was computed as the
mean of these differences and limits of agreement
were obtained using +1.96 standard deviation of the
bias (Bland & Altman, 1986). To test whether there
were a consistent over or underestimation of the
actual values, one-sample t-tests were performed to
assess if the difference between actual and predicted
values were different than zero. Linear regressions
were applied to identify if the magnitude of the mean
between actual and predicted values influenced the
magnitude of their difference. This was done to ascertain
if the prediction accuracy was constant throughout the
assayed magnitude range, which is known as pro-
portional bias (Giavarina, 2015). These analyses were
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conducted separately for data from each accelerometer
placement and outcome.

Finally, our pGRF prediction equation was compared
with a previously published reference equation (Neuge-
bauer et al, 2014), that was developed using similar
methods. This comparison was performed in three ways,
using: (i) the whole sample; (ii) a subsample of walking
trials; (i) a subsample of running trials. To assess the pre-
diction accuracy, MAE, MAPE and RMSE were calculated
using pGRF values predicted from both equations. No
pLR prediction equation developed for both walking and
running was found to be compared with ours.

3. Results

The sample presented a broad range of body masses
(49.6-152.5 kg), from normal weight to severe obesity
(19.0-54.0 kg-m™). It was expected that participants
with higher BMI, due to their probable lower motor
ability and physical capacity, would be able to perform
the trials only at the lowest speeds. This was precisely
what happened and, as it can be observed in Figure 1,
the number of data points corresponding to subjects
with BMI>30 kg:-m™ greatly decreases in speeds
above 6 km-h™".

As the main variables collected in this experiment
were the peak magnitudes and rates of the ground reac-
tion force and acceleration signals, there was a need to
first establish their relationship. During locomotion,
pACC increases linearly as pGRF increases. Such relation
can be observed in Figure 2, Panel A, for hip-worn

2km-h™" 3km-h' 4km-h™" 5km-h”" 6km-h' 7km-h™" 8km-h" 9km-h" 10km-h™" 11 km-h""12km-h"" 13km-h™" 14km-h™"

n=127 n=129 n=131 n=129 n=113 n =287

n=_87

n=_87 n=_85 n=_84 n=_83 n=_82 n=78

Figure 1. Distribution of participant’s body mass index per speed. Dots represent individual participants.
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Figure 2. Panels A and B show the relationship between variables collected by force plates and accelerometers worn at hip, for the
resultant vector. Linear trends for each body mass index category are also depicted. Panel A shows peak magnitudes (pGRF and pACC)
while Panel B shows peak rates (pLR and pAR). Panels C and D display Bland-Altman plots demonstrating the agreement between
actual and predicted peak ground reaction force (Panel C) and loading rate (Panel D) for the resultant vector from hip-worn accel-
erometers. Continuous thick lines show bias (average of the differences between actual and predicted values) while dashed lines
show the limits of agreement (bias +1.96 standard deviation). Abbreviations: pACC, peak acceleration; pAR, peak acceleration rate;

pGRF, peak ground reaction force; pLR, peak loading rate.

accelerometers (resultant vector), and in Supplemental
Figure S2 for all placements and vectors. Moreover, for
the same pACC values, the registered pGRF tended to
be higher in subjects with higher BMI. This demonstrates
that accelerometer data can adequately discriminate
between different BMI categories. However, data from
the pAR x pLR relationship show a greater dispersion,
especially at higher values, and the different BMI cat-
egories cannot be discriminated so well, as can be
observed in Figure 2, Panel B, and Supplemental
Figure S3.

Regression equations were developed to predict the
mechanical loading variables based on accelerometry
data. In the pGRF prediction equations, body mass and
pACC were significant predictors and, therefore,
included in the models. Table 1 shows the regression
coefficients, R?> and accuracy indices from models
derived from each accelerometer placement and
vector. In the pGRF prediction models, the lowest R?
was 0.96, showing that the predictor variables can
explain variability in the outcome variable to a great
extent. Also, MAE and MAPE range were 93.7N-100.7N
and 6.7%-7.3%, respectively. RMSE was also computed
and ranged between 130.2N and 136.7N. Although all
pPGRF prediction equations showed very similar results,
the one based on the resultant vector from hip-worn
accelerometers has shown the best performance, with
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an R? of 0.96, the lowest MAE (93.7N), MAPE (6.7%)
and RMSE (130.2N).

Equations to predict pLR were also developed, and
included as predictors the pAR and body mass.
Regression coefficients, R*> and accuracy indices for
these equations are also shown in Table 1. For these
equations, the R? ranged between 0.87 and 0.91,
which is just slightly lower than the R? for the pGRF
models. MAE, MAPE and RMSE ranges were 2882N-s™ -
3249Ns™', 17.7%-19.1%, and 3971N-s™'-4619N-s™",
respectively. These results show that the pLR prediction
equations were somewhat poorer than those for the
pGRF equations. The pLR equation with the lowest
error was derived from the resultant vector of hip-
worn accelerometers, with an R? of 0.90 and a MAE,
MAPE and RMSE of 2882N-s™', 17.7% and 3971N-s™',
respectively.

Bland-Altman plots were built to visualize the agree-
ment between the actual and predicted pGRF and pLR.
Bland-Altman plots for the pGRF and pLR resultant
vector from hip-worn accelerometers can be seen in
Figure 2 (Panels C and D, respectively), and for all accel-
erometer placements and vectors in the Supplemental
Figures S4 and S5. Values for all equations tended to
assemble around zero and between the limits of agree-
ment, as shown by, for all models, at least 92% of the
data points lie within the limits of agreement. For the
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Table 1. Regression equations, R? and accuracy indices.

EUROPEAN JOURNAL OF SPORT SCIENCE . 1523

Accelerometer

Vector placement

Regression equations R? MAE

MAPE  RMSE

DPGRF prediction equations

Resultant Ankle pGRF (N) =890.673 — 131.889(pACC) + 7.155(body mass) + 2.027(pACC x body mass) 0.96 95.9 6.8% 130.3
Lower back pGRF (N) =701.358 — 167.229(pACC) + 9.642(body mass) + 2.667(pACC x body mass) 0.96 96.4 6.8% 1311
Hip PGRF (N) = 814.888 — 229.459(pACC) + 7.036(body mass) + 3.934(pACC x body mass) 096 937 6.7%  130.2

Vertical Ankle PGRF (N) =984.419 — 221.505(pACC) + 6.133(body mass) + 3.201(pACC x body mass) 097 994 73% 1342
Lower back PGRF (N) =692.456 — 179.912(pACC) + 9.736(body mass) + 2.760(pACC x body mass) 096  100.7 73% 1367
Hip PGRF (N) = 767.553 — 244.689(pACC) + 7.153(body mass) + 4.258(pACC x body mass) 096 968 7.1% 1330

PLR prediction equations

Resultant Ankle pLR (N-s7) = 13629.698-94.093(pAR) + 77.299(body mass) + 1.447(pAR x body mass) 0.91 3063 189% 4222
Lower back PLR (N-s™") = 13947.266-129.739(pAR) + 86.996(body mass) + 1.721(pAR x body mass) ~ 0.91 2940 183% 4158
Hip pLR (N-s™) = 13656.930-168.415(pAR) + 60.421(body mass) + 2.776(pAR X body mass) 0.90 2882 17.7% 3971

Vertical Ankle pLR (NsTh= 12387.216-68.583(pAR) + 75.546(body mass) + 1.327(pAR X body mass) 0.87 3248 18.6% 4542
Lower back pLR (N-s™") = 14522.460-112.291 (PAR) + 91.448(body mass) + 1.469(pAR x body mass) 0.90 3249 191% 4619
Hip pLR (N-s~") = 13683.896-159.441 (PAR) + 63.910(body mass) + 2.752(pAR x body mass) 0.89 3188 184% 4432

Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent error; pACC, peak acceleration; pAR, peak acceleration rate; pGRF, peak ground reac-

tion force; pLR, peak loading rate; RMSE, root mean square error.

pGRF equations, a tendency to higher dispersion can be
observed for higher magnitudes, which correspond to
running trials, especially in values from ankle-worn
accelerometers (Supplemental Figure S4, Panels A and
D). Prediction equations for pLR showed a more accentu-
ated dispersion, again mainly for higher magnitudes
(Supplemental Figure S5). None of the models presented
a bias different from zero (p > 0.05), demonstrating that
they do not consistently over or underestimate the
mechanical loading values. Although all equations
showed a significant proportional bias (p < 0.05), linear
regressions presented a low R? (highest R?=0.03).

Furthermore, we compared the performance of our
equations with a reference equation previously pub-
lished (Neugebauer et al., 2014). As the only comparable
equation found was the one to predict pGRF vertical
vector using hip-worn accelerometer data developed
by Neugebauer et al. (2014), we applied it to our data
and computed the MAE, MAPE and RMSE. Then, these
indices were compared to the indices for our equation
(Table 1). Apart from the overall equations performance,
a sub-analysis was done separating walking and running
trials. The results of these comparisons can be observed
in Table 2. Accuracy indices of our equations were all
better compared to the reference equation. Our
equation performance was constant between walking
and running, indicating that it can be used for both
activities without loss of accuracy, which cannot be
observed in the reference equation.

Also, to simplify the use of these equations and
enhance their applicability, a software package was
developed for use in the R statistical software (Veras,
2021). Included in this package are functionalities to
read raw accelerometer data, process it and apply the
equations to predict both pGRF and pLR. In the
package website  (https://verasls.github.io/impactr)
there are also instructions on how to use it to obtain
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Table 2. Accuracy indices of ours and Neugebauer et al. (2014)
equation to predict peak vertical ground reaction force with
data from hip-worn accelerometers.

Neugebauer et al. (2014)

Our equation equation
Prediction MAE MAPE RMSE MAE MAPE RMSE
Overall 96.8 7.1% 133.0 168.7 13.1% 201.7
Walking 59.0 6.0% 75.6 170.3 16.6% 187.2
Running 132.5 8.1% 1703 167.1 9.7% 2146

Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent
error; RMSE, root mean square error.

the predictions, namely in the “Home” and “Get
started” sections.

4, Discussion

The purpose of this study was to develop accelerometry-
based mechanical loading prediction equations to accu-
rately estimate mechanical loading during walking and
running. Predictions were tested with accelerometers
placed at different body locations, using both the resul-
tant and vertical vectors, in a set of incremental speeds,
ranging from slow walking to running. Our findings
demonstrated that accelerometry-based models were a
valid and accurate method to estimate pGRF during
human locomotion, as all pGRF models presented a
MAPE below the 8% threshold. However, accelerome-
try-based pLR prediction equations resulted in lower
accuracy compared to the pGRF.

Comparing our results with previous studies using a
similar approach to predict pGRF, our prediction errors
are comparable with some studies whose best results
are a MAPE approximately 6.0%, but which included
only walking in their protocol (Fortune et al., 2014; Neu-
gebauer & LaFiandra, 2018; Veras et al., 2020). Addition-
ally, previous studies that developed pGRF prediction
models during both walking and running showed a
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MAPE of 8.3% (Neugebauer et al., 2014), which is higher
than our results, and 5.2% (Neugebauer et al., 2012) with
no model cross-validation, which is similar to our results
when no cross-validation is applied (highest value of
5.1% in our models). Nevertheless, models from both
studies present a caveat, that is the inclusion of a term
in their equations that implies distinguishing between
walking and running. This is not easy to be identified
from free-living accelerometer data, hindering real-
world application of these previous equations. Also,
one of these studies included only children and adoles-
cents in their sample (Neugebauer et al.,, 2012), which
present a higher variability in terms of gait pattern com-
pared to adults (Gouelle, Leroux, Bredin, & Mégrot,
2016), making, therefore, this equation unsuitable to
use in an adult population. Furthermore, it was observed
that the reference equation used (Neugebauer et al.,
2014) has a much lower accuracy during walking com-
pared with running (16.6% vs. 9.7%). As this reference
equation was not validated in a sample including
people with obesity, it performs poorly when applied
to data from people with high body mass, as is the
case in our sample that performed the walking trials,
compared with running trials mostly performed by
non-obese people.

To the best of our knowledge, only two studies
(Fortune et al., 2014; Veras et al,, 2020) have attempted
to develop accelerometry-based pLR prediction
models, and both studies only included walking. In
accordance with our findings, these studies also
showed that the prediction error for these models is
larger than for the pGRF prediction. One of these
studies investigated the use of four different acceler-
ometer placements (ankle, tibia, thigh and waist) to
predict pLR and achieved a MAPE ranging between
23.4% and 46.1% (Fortune et al., 2014), while the other
obtained a 19.5%-22.4% range using accelerometers at
lower back and hip (Veras et al., 2020). It is noteworthy
that MAPE results from our pLR models (around 19%)
have a better accuracy than these previous investi-
gations. Also, although pLR is an important variable,
known for a long time to determine to a great extent
bone formation response to mechanical loading
(Bassey, Rothwell, Littlewood, & Pye, 1998; Turner,
Owan, & Takano, 1995), based on our findings and in
previous studies (Fortune et al, 2014; Veras et al,
2020), its prediction through accelerometer data, at
the current state of technical accelerometer develop-
ment, does not seem to yield trustworthy results that
can be used in models to predict the bone anabolic
response to mechanical loading.

Our findings revealed that ankle, lower back and hip
were all valid accelerometer placements to predict
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PGRF. Despite the similarities, hip was the accelerometer
placement with the best prediction accuracy, which
reinforces it as the preferable location to collect and
analyze accelerometry-measured physical activity. This
placement is already well accepted for energy expendi-
ture prediction and physical activity intensity classifi-
cation (Migueles et al, 2017) and has shown a high
mechanical loading prediction ability (Neugebauer
et al,, 2012; Neugebauer & LaFiandra, 2018; Veras et al.,
2020). In addition to testing various accelerometer pla-
cements, we also investigated the prediction with both
resultant and vertical vectors. Although acceleration
and ground reaction force from the vertical vector are
the most studied and associated with bone health (Heik-
kinen, Vihridla, Vainionpaa, Korpelainen, & Jamsa, 2007;
Vainionpaa et al., 2006), resultant vector of acceleration
and ground reaction force during locomotion is greatly
determined by the vertical vector. In fact, as can be
observed in Supplemental Figure S1, values from both
vectors were very similar. Also, mechanical loading pre-
diction based on the resultant acceleration offers the
important advantage of not being dependent on the
accelerometer correct orientation, which is hard to
assure when measuring daily physical activity (Welk,
2005; Wundersitz, Gastin, Robertson, Davey, & Netto,
2015).

Results from our study offer some advantages com-
pared to previous investigations: (i) it includes walking
and running, which are among the most usual types of
physical activity performed daily; (ii) all models devel-
oped, especially for pGRF prediction, presented a
similar or better accuracy compared to the results from
previous publications; (iii) the accuracy of our models
is fairly constant throughout walking and running,
notably for the pGRF prediction models, with a MAPE
increase from 6% to 8%, showing, therefore, that they
can be used adequately for both activities; (iv) in order
to apply these models there is no need to manually dis-
tinguish the accelerometer data between walking and
running, as in previously developed equations (Neuge-
bauer et al.,, 2014), which facilitates its use with daily
living accelerometer data; and (v) along with the cre-
ation of these models, a software was developed in
the form of an R package to perform all the compu-
tations needed to get from the raw accelerometer data
to the mechanical loading prediction.

In addition to these technical advantages, our models
present some important potential clinical applications.
For instance, these models can be used to analyze
data from large observational studies and to investigate
associations between objectively measured mechanical
loading and bone health. Nevertheless, instead of ana-
lyzing accelerometer data averaged in epochs as it has
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been performed previously (Chastin, Mandrichenko, Hel-
bostadt, & Skelton, 2014; Stiles, Metcalf, Knapp, & Row-
lands, 2017), which can have a dilution effect and
hinder the detection of higher intensities (Fabre, Lhuis-
set, Bernal, & Bois, 2020), with our method, raw accelera-
tion can be analyzed at a higher resolution by identifying
the pGRF associated with each step taken and establish-
ing, for instance, the number of peaks above a certain
magnitude threshold needed to elicit a positive bone
adaptation. Another potential application could be the
computation of the cumulative mechanical loading by
adding up the pGRF of all detected steps (Diniz-
Sousa et al, 2021). This information could be used
either for the determination of the relationship
between mechanical loading accumulated within a
certain period (e.g. a day) and the bone response to
this loading (Ahola, Korpelainen, Vainionpad, & Jamsa,
2010), or to investigate the causes of bone loss in popu-
lations with bone health issues, such as post-bariatric
surgery patients (Diniz-Sousa et al., 2021). This approach
has already been followed by using equations previously
developed by our group (Veras et al., 2020). However,
these new equations described in the current study
have the advantage of being able to be applied to
both types of locomotion (walking and running) and
not just walking. Another possible application is in
sports training, by monitoring the amount of mechanical
loading sustained by athletes and using this information
for training loading monitoring and for establishing ade-
quate measures to prevent osteoarticular overload and
reduce the risk of osteoarthritis (Vanwanseele, Op De
Beéck, Schiitte, & Davis, 2020).

Despite the validity of our prediction models, some
limitations should be mentioned. First, although the
activities included in our protocol (walking and
running) are among the most frequently performed
motor activities during daily living, our prediction
models do not apply to other activities known to
influence bone adaptation to mechanical stimuli, such
as jumping and direction changing. Second, in the
absence of another sample for model validation, the
leave-one-out cross-validation method was used,
which is the method of choice in these situations (Stau-
denmayer et al, 2012). Nevertheless, future studies
should test the out-of-sample validity of these models.
Moreover, the protocol was performed on an instrumen-
ted treadmill. The use of a treadmill, although enhancing
the study internal validity by the continuously measur-
ing the ground reaction force (Ngoh, Gouwanda,
Gopalai, & Chong, 2018) also reduces the external val-
idity due to possible biomechanical changes in the
walking and running patterns induced by the treadmill
(Kluitenberg, Bredeweg, Zijlstra, Zijlstra, & Buist, 2012).
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Also, bone adaptation to mechanical stimulation
depends not only on external loads, such as ground
reaction force, but also on internal loads generated by
muscle forces (Robling, 2009). As accelerometers
cannot reliably assess muscle force generation, they
may have a limited capacity in estimating the bone
response to loading in situations where there are no
major gravitational loadings involved, such as during
resistance training. Lastly, the stance phase in which
the pACC and pGRF occur were not coincident, particu-
larly at running speeds. Nevertheless, the prediction
method developed in this paper could still accurately
predict the active pGRF at both walking and running.

5. Conclusion

Mechanical loading, particularly pGRF, could be accu-
rately predicted by accelerometry-based models. These
models are valid for both the resultant and vertical
vectors, and for using data from accelerometers placed
at ankle, lower back or hip. The prediction models devel-
oped in this study have proved to be an efficient method
to assess pGRF out of laboratory conditions, with poten-
tial applications for monitoring mechanical loading in
several contexts and for establishing a relationship
between mechanical loading and either beneficial or
pathological skeletal and osteoarticular adaptations.
Contrary to the pGRF, pLR prediction accuracy was
found to be unsatisfactory.
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Supplemental Material

Walking at 5km-h™’ Running at 14km-h™!
T I T T

3.0 T 3.0 I
—— Ground reaction force —— Ground reaction force
—— Acceleration —— Acceleration
%* Peak %* Peak
25 = 25 q

Ground reaction force and acceleration signals (units of standard deviation)
Ground reaction force and acceleration signals (units of standard deviation)

1.0 | L | 1.0 | | !
0 25 50 75 100 0 25 50 75 100

% of stance % of stance

Supplemental Figure S1. Example of ground reaction force and acceleration signals during the stance phase of walking (left
panel) and running (right panel). Signals were mean centered and scaled to units of standard deviation to fit in the same plot
window. In this image, the peak of each signal, represented by the start marks, is its maximum magnitude during the stance.
The peak acceleration rate and peak loading rate were identified as the steepest part of each curve.
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Supplemental Figure S2. Relationship between peak ground reaction force and acceleration magnitudes. Data from
accelerometers worn at ankle (Panels A and D), lower back (Panels B and E) and hip (Panels C and F), for both the resultant
vector (Panels A to C) and its vertical component (Panels D to F). Linear trends for each body mass index category are also

depicted. Abbreviations: pACC, peak acceleration; pGRF, peak ground reaction force.
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Supplemental Figure S3. Relationship between peak loading and acceleration rates. Data from accelerometers worn at ankle
(Panels A and D), lower back (Panels B and E) and hip (Panels C and F), for both the resultant vector (Panels A to C) and its
vertical component (Panels D to F). Linear trends for each body mass index category are also depicted. Abbreviations: pAR,
peak acceleration rate; pLR, peak loading rate.
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Supplemental Figure S4. Bland-Altman plots showing agreement between actual and predicted peak ground reaction force
for accelerometers worn at ankle (Panels A and D), lower back (Panels B and E) and hip (Panels C and F), for both the
resultant vector (Panels A to C) and its vertical component (Panels D to F). Continuous thick lines show bias (average of the
differences between actual and predicted values) while dashed lines show the limits of agreement (bias £1.96 standard deviation).
Abbreviations: pGRF, peak ground reaction force.
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Supplemental Figure S5. Bland-Altman plots showing agreement between actual and predicted peak loading rate for
accelerometers worn at ankle (Panels A and D), lower back (Panels B and E) and hip (Panels C and F), for both the resultant
vector (Panels A to C) and its vertical component (Panels D to F). Continuous thick lines show bias (average of the differences
between actual and predicted values) while dashed lines show the limits of agreement (bias + 1.96 standard deviation).

Abbreviations: pLR, peak loading rate.
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Abstract: The purpose of this study was to develop peak ground reaction force (pGRF) and peak
loading rate (pLR) prediction equations for high-impact activities in adult subjects with a broad
range of body masses, from normal weight to severe obesity. A total of 78 participants (27 males;
82.4 & 20.6 kg) completed a series of trials involving jumps of different types and heights on force
plates while wearing accelerometers at the ankle, lower back, and hip. Regression equations were
developed to predict pGRF and pLR from accelerometry data. Leave-one-out cross-validation was
used to calculate prediction accuracy and Bland—Altman plots. Body mass was a predictor in all
models, along with peak acceleration in the pGRF models and peak acceleration rate in the pLR
models. The equations to predict pGRF had a coefficient of determination (R?) of at least 0.83,
and a mean absolute percentage error (MAPE) below 14.5%, while the R? for the pLR prediction
equations was at least 0.87 and the highest MAPE was 24.7%. Jumping pGRF can be accurately
predicted through accelerometry data, enabling the continuous assessment of mechanical loading
in clinical settings. The pLR prediction equations yielded a lower accuracy when compared to the
pGREF equations.

Keywords: ground reaction force; loading rate; jumps; validation; biomechanics

1. Introduction

Bones respond to mechanical loading by altering their properties, such as mass, mi-
croarchitecture, and geometry, which ultimately dictate their strength and resistance to
fracture [1-3]. Therefore, physical activity is a paramount stimulus to maintain and improve
bone health throughout the life course [4]. However, the osteogenic effect of physical activ-
ity is highly dependent on the characteristics of mechanical loading [5]. Several studies on
experimental animals [1,6,7] have helped to form our understanding of the principles that
drive bone tissue’s adaptive response to mechanical loading. In general, high-magnitude
dynamic impact loading applied at high frequencies and including long rest periods seems
to favor increases in bone mass and strength [1]. This seems to corroborate the available
evidence from humans. For instance, findings from different types of sports have shown
that athletes practicing sports involving high- and/or odd-impact loading (e.g., volleyball
and football) have a greater bone mass and estimated bone strength compared to repetitive
and low-impact loading sports (e.g., cycling and swimming) [8]. Nevertheless, the precise
way in which the manipulation of mechanical loading variables influences bone tissue’s
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adaptive response in humans is not fully understood, particularly due to the difficulty in
accurately assessing bone’s mechanical loading and its components in vivo in humans.

Some questionnaires have been developed in an attempt to capture the bone-stimulating
characteristics of specific activities [9,10]. However, although the scores generated by such
subjective methods seem to be related to bone status, this association appears to be limited
and inconsistent across studies [11-13]. A more robust approach to assess mechanical
loading is the use of equipment such as force plates—the gold standard for ground reac-
tion force measurement [14]. However, the use of force plates is less applicable in some
clinical and research settings, as they are immobile and expensive devices that are limited
to assessments in laboratory conditions. In the last few years, objective methods based on
wearable devices have been proposed as a solution to overcome these limitations, since
acceleration and some mechanical loading variables resulting from body movement have
shown to be correlated [15,16]. In fact, several studies using different prediction model
approaches (e.g., linear regression, linear mixed models, machine learning) have already
shown that, through the use of acceleration data, it is possible to estimate some mechanical
loading components that are typically assessed only through force plates, namely, peak
ground reaction force (pGRF) [17-25] and peak loading rate (pLR) [19,21,22]. Although
accelerometry-based equations have shown high prediction accuracy [21,22], this versatile
approach to mechanical loading assessment is not widely used yet, either in clinical prac-
tice or research. One of the issues that may contribute to this fact is the lack of validation
studies covering a broader spectrum of activities, especially those known to have a greater
osteogenic effect, such as high-impact activities.

Until now, studies that have calibrated accelerometers to predict mechanical loading
variables have usually employed only simple activities, such as walking [19-21] or walking
and running [17,18,22,24], while activities eliciting higher impact loading have not yet been
tested. The fact that these accelerometry-based prediction equations are only valid for a
limited set of activities hinders their ability to accurately quantify the amount of loading
to which a person is subjected daily, as the physical activities performed daily are often
composed of other types of activities than just walking and running. Therefore, the validity
of these methods should be expanded to other activities that are commonly associated
with positive bone adaptations. Jumping exercises, for instance, are frequently used as a
strategy to improve bone health in post-menopausal women [26] and elderly men [27]. The
direct measurement of the mechanical loading involved in these activities would greatly
improve our ability to precisely control the loading regimen elicited by these physical
exercises, and to establish a more reliable relationship between mechanical stimulation and
the bone’s anabolic response and, consequently, to establish a clearer relationship between
exercise dose and the extent of the bone’s adaptive response [28]. So far, accelerations
recorded from body-worn devices have been shown to be correlated with ground reaction
forces during jumping [15], and accelerometers have also been successfully used to predict
other biomechanical variables during jumping activities [29]. Therefore, the objective of
this study was to develop accelerometry-based pGRF and pLR prediction equations for
high-impact activities in adult subjects with a broad range of body masses, from normal
weight to severe obesity.

2. Methods

An overall scheme of the experimental design and methods employed in this study
can be observed in Figure 1.
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High impact
Drop jumps

Box jumps
Continuous jumps

Prediction models
development and
validation

(R, version 4.2.1, R Foundation)

78 participants Data processing

(27 males, 51 females) (MATLAB, version 20192, Mathworks)

Accelerometers

(GT9X Link, ActiGraph - ankle, lower back, hip)
+
Force plates

(AMTI Corparation)

Figure 1. Overall scheme of the study design and methods employed in the study.

2.1. Participants

A total of 78 adults participated in the study (27 males: 34.0 & 12.3 years, 173.2 + 6.3 cm,
83.2 +14.9kg, 27.9 + 5.6 kg-m~2; 51 females: 36.5 & 11.2 years, 158.1 & 6.8 cm, 82.0 + 23.2 kg,
33.0 + 9.6 kg'm~2; X + SD). The protocol was approved by the local ethics committee (CES
192-14), and all participants were informed about the experiments” purpose and protocol
before giving their written informed consent. The inclusion criteria were as follows: age
between 18 and 65 years, and the ability to perform the jumps included in the trials. The
exclusion criterion was the presence of any acute injury or chronic limitation precluding
any of the experimental exercises. The measurement of height (stadiometer model 213; Seca,
Hamburg, Germany) and body mass (digital scale model 899; Seca, Hamburg, Germany)
was carried out according to standard procedures [30].

2.2. Protocol

The participants completed a series of trials involving jumps of different types and
from different heights. First, drop jumps were executed from steps varying from 5 cm to
40 cm high, with 5 cm increments. Then, box jumps were performed starting from the floor
up to 5 cm, 15 cm, and 30 cm high boxes. Finally, continuous jumps were carried out at
two different heights: 5 cm and 15 cm. Drop and box jumps were executed in two sets of
four jumps at each height, with a 30 s interval, and the continuous jumps were performed in
one set of 20 s at each height. Before starting the data collection, the participants performed
a few repetitions of each jump type—always at the lowest height—to familiarize themselves
with the protocol. The jumps were always performed in the following order: drop jumps,
box jumps, continuous jumps—and from lower to higher heights. The landing phase of
the drop jumps, the take-off phase of the box jumps, and both phases of the continuous
jumps were recorded on a force plate at a 1000 Hz sampling frequency (AMTI Corporation,
Watertown, USA). The participants were instructed to jump with no restrictions regarding
their arm movements, to land two-footed, and to remain stationary on the force plate for
around five seconds after landing (except for the continuous jumps). To better characterize
the types of jumps performed, the initial and final position of each jump can be seen
in Figure 2.

Throughout the protocol, three wearable sensors (GT9X Link; 100 Hz; £16 g range;
ActiGraph, Pensacola, FL, USA) were worn by each participant, at the following placements:
(i) right hip (along the anterior axillary line, at the level of the iliac crest); (ii) lower back
(at the midpoint between the two posterior superior iliac spines); and (iii) right ankle
(immediately superior to the lateral malleolus). The sensors worn at the hip and lower back
were positioned on the same tightly secured elastic belt with clips, and the ankle-worn
sensor was fixed by an elastic belt and adhesive tape. The wearable sensors were always
positioned to ensure the alignment of the accelerometer’s vertical axis and the standing
body’s longitudinal axis. The accelerometers’ positioning on the body can be seen in
Figure 3. The hip and lower back placements were chosen due to their proximity to the
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body’s center of mass, and the ankle placement was chosen because its location is closer to
the ground contact point. The wearable sensors were set to collect data at 100 Hz, which is
the device’s maximum sampling frequency.

Figure 2. An example of a participant performing each of the jump types assayed. Panels (A,B) show
the initial (take-off phase) and final (landing phase) phases of the drop jumps, respectively, while
Panels (C,D) show the initial and final phases of the box jumps, respectively, and Panels (E,F) show
the initial and final phases of the continuous jumps, respectively.
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Figure 3. Accelerometers’ positioning on the body: Details of accelerometer positioning on the ankle,
lower back, and hip are displayed in Panels (A-C), respectively. Panel (D) shows all accelerometer
placements simultaneously.

Each wearable sensor used includes a primary and a secondary triaxial accelerometer.
As the manufacturer’s proprietary filter is not applied to the secondary accelerometer’s raw
data, only data from this accelerometer were used in this study. This increases the accuracy
and replicability of data collection and processing. Data from the force plates (Netforce,
Version 3.5.1; AMTI Corporation, Watertown, USA) and accelerometers (ActiLife version
6.13.3; ActiGraph, Pensacola, USA) were operated through the manufacturer-supplied
software and exported as raw data from the x, y, and z vectors. The ground reaction force
was expressed in newtons (N), and acceleration was expressed in gravitational acceleration
units (1 g =9.807 m-s~2).

2.3. Data Processing

A flowchart showing the steps of the data processing can be seen in Figure 4. MATLAB
software (Version 2019a, MathWorks, Natick, MA, USA) was used to process the data
from both the force plates and the accelerometers. Data were processed according to the
following procedures: First, the ground reaction force signal from the force plate (1000 Hz)
was resampled to match the activity monitors” sampling frequency (100 Hz). Then, both
the ground reaction force and acceleration signals were filtered using a Butterworth fourth-
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order low-pass filter, with a 20 Hz cutoff frequency, to attenuate the noise. This cutoff
frequency was selected based on visual inspection of the signals’ frequency spectra after
a fast Fourier transform (FFT). Afterwards, the ground reaction force and acceleration’s

resultant vector was calculated (r; = 4/ xlz + yl-z + z%). After that, both signals were adjusted

using the time set by the system’s clock and then synchronized by the maximum cross-
correlation coefficient. Then, the ground reaction force and acceleration signals were
visually inspected, and whenever their peaks were not in the same hundredth of a second,
manual adjustments to the synchronization were performed. An example of the ground
reaction force and acceleration signals for each jump type can be observed in Figure 5. Next,
the peak acceleration (pACC) was determined by the following criteria: (i) a minimum
magnitude of three standard deviations above the mean acceleration value recorded during
a trial, and (ii) a separation of at least 0.2 s for continuous jumps and 4 s for the other
jumps. Then, pGRF was defined as the highest value within +/— 0.2 (continuous jumps) or
+/— 4 (drop and box jumps) seconds of each pACC, according to the jump type. The rates
of change were computed through a centered derivative from the beginning of the foot
contact to the curve peak (Equation (1)). The pLR and peak acceleration rate (pAR) were
defined as the maximum value in the array derived from Equation (1) and represented by
fi in Equation (2).

Ima

f{ _ fi+1 _fl?l (1)
1
tip1—tia
/ _ !
Fiee = max(ff) @)
Ground reaction force
(1000Hz)
Resample
Ground reaction force Acceleration
(100Hz) (100Hz)
Butterworth filter
(4th order, low-pass, 20Hz cut-off)
Compute resultant vectors
Max cross-correlation ‘ . N
coefficient, posterior manual €:sssseeeee Synchronlzatlon

adjustments if necessary Min height of 3 standard
anda

deviations above the mean
Find peak acceleration - > Separation > 0.2sec for
continuous jumps and = 4sec

Max value between 0.2 or 4 for the other jumps

sec before and after each = g....uevee Find peak ground reaction force
peak acceleration, according
to the jump type

Extract variables

|

Peak acceleration
Peak ground reaction force
Peak acceleration rate
Peak loading rate

Figure 4. Flowchart showing all steps of the data processing.
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Figure 5. Examples of the ground reaction force and acceleration signals for all of the jump types
performed. The first column, formed by Panels (A-D), shows the ground reaction force and accelera-
tion signal for accelerometers at the ankle, lower back, and hip for the drop jump from 5 cm height.
Panels (E-H) show the same signals, but for the box jumps of 5 cm height, while Panels (I-L) show
the signals for the continuous jumps of 5 cm.

Finally, the mean pGRF, pACC, pLR, and pAR of the resultant vector and its vertical
component for each participant at each jump type and height for each accelerometer
placement were extracted and used in all subsequent analyses.

2.4. Statistical Analyses

Statistical analyses were performed using R statistical software (version 4.2.1, R Foun-
dation for Statistical Computing, Vienna, Austria). All code used in the data analysis
is registered in an open platform (https:/ /bit.ly /3szNS]JS, accessed on 31 October 2022).
Statistical significance was set as & = 0.05.

Linear mixed models were used to develop pGRF and pLR prediction equations
for each vector (resultant and vertical) and accelerometer placement (ankle, lower back,
and hip). Body mass was tested as a predictor in all models, along with the acceleration
magnitude (pACC) in the pGRF models and its rate (pAR) in the pLR models. These

65



Sensors 2023, 23, 2246

8 of 16

predictors were entered as fixed effects and kept in the model, as all were shown to be
significant (p < 0.05). The subject and the interaction between jump type and jump height
were tested as random effects, and both factors were shown to improve the models. The
final models were chosen according to the —2 log-likelihood statistic [31]. The conditional
coefficient of determination (R?), which estimates the variance explained by both fixed and
random factors [32], was computed.

Model validation was performed using the leave-one-out cross-validation method [33].
This method consists of separating data from one of the subjects into a testing dataset while
keeping the remainder in the training dataset. Then, a new model is developed using the
training dataset, with the same parameters that were defined using the entire sample. This
new model is then applied to predict the outcome for the subject in the testing dataset. The
whole process is repeated once for each participant (78 times). Data from the testing dataset
were used in all subsequent analyses.

Model quality was then evaluated both numerically and graphically. The numerical
assessment was performed by computing the following accuracy indices: mean absolute
error (MAE), mean absolute percentage error (MAPE), and root-mean-square error (RMSE).
To visually analyze the agreement between the values predicted by the models and those
measured by the force plates, Bland-Altman plots were drawn. These plots are constructed
by plotting the mean of the actual and predicted values on the x-axis and their difference
on the y-axis. Then, the bias was calculated as the mean of these differences and plotted as
a continuous horizontal line. The limits of agreement were defined as bias + 1.96 standard
deviation and plotted as horizontal dashed lines [34]. To further test whether there was any
systematic under- or overestimation of the values by the models, one-sample t-tests were
performed to check whether the bias were significantly different from zero. Finally, linear
regressions were employed to examine whether the difference between the actual and
predicted values was affected by their magnitude, thereby verifying whether the prediction
was constant throughout the entire magnitude range [35].

3. Results

In our protocol, three distinct jump types were performed, each using several different
heights. This variety of jumping trials produced a considerable heterogeneity in the re-
sponse of both the force-plate- and accelerometer-measured variables. The results obtained
for pGRE, pLR, pACC, and pAR, with respect to their resultant vectors, can be observed in
Figure 6 (see Supplementary Figure S1 for the vertical vector).

Panels A and B show the force-plate-measured variables normalized by the subject’s
body mass, and by the pGRF and pLR, respectively. It can be seen that, in the drop jump
trials, there is a tendency for the loading magnitude to increase as the jump height increases.
This tendency is also observed for the box jumps, but with a lower magnitude. As for
the continuous jumps, both assayed heights elicited reasonably similar loading profiles.
Panels C and D show the values of the accelerometer-measured variables—pACC and pAR,
respectively—for each trial. It can be observed that, for all jump types and heights, data
from ankle-worn accelerometers typically record higher values compared to data from the
accelerometers placed at the lower back and hip. Moreover, during the drop jumps, there is
a constant increase in the values from the ankle accelerometers as the jump height increases,
while values from the lower back and hip accelerometers tend to plateau from 30 cm height
onwards. As for the box jumps, the pACC values remain reasonably constant throughout
the assayed heights, whereas pAR tends to slightly decrease as the jump heights increase.
Lastly, for the continuous jumps, both pACC and pAR from the lower-back- and hip-worn
accelerometers marginally decrease when comparing the 5 cm to 15 cm jumps. However,
the opposite is true for the ankle accelerometers, with their pACC and pAR increasing from
5 cm to 15 cm height.
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Figure 6. Distribution of the resultant vectors of mechanical loading (peak ground reaction force on
Panel (A) and peak loading rate on Panel (B)) and acceleration (peak acceleration on Panel (C) and
peak acceleration rate on Panel (D)) variables per jump type and height combination. Abbreviations:
BW, body weight; pACC, peak acceleration; pAR, peak acceleration rate; pGRE, peak ground reaction
force; pLR, peak loading rate.

Accelerometer-based mechanical loading prediction equations were developed based
on linear mixed models. The regression coefficients, R?, and accuracy indices of the models
derived from accelerometers worn at the ankle, lower back, and hip, and from the resultant
and vertical vectors, are presented in Table 1. The R? values for the pGRF models ranged
from 0.83 to 0.92, showing that all of the models were able to explain at least 80% of the
pGRE variance, and the observed MAPE values were between 12.3% and 14.5%. Despite the
similar accuracy results achieved by all equations, the model derived from data from the
resultant vector of accelerometers worn at the hip was shown to have the lowest accuracy
error, represented by the smallest MAE (302.1 N), MAPE (12.3%), and RMSE (396.6 N).
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Compared to the pGRF models, the pLR equations yielded poorer results. Although
their R? ranged from 0.87 to 0.91, their error measures were high, with MAPE ranging
from 20.7% to 24.7%. Nevertheless, similar to the pGRF models developed, the best pLR
prediction equation in terms of prediction accuracy was the one from the resultant vector
derived from hip-worn accelerometers, even though its error estimates were higher, with
an MAE of 16812 N, MAPE of 20.7%, and RMSE of 21545 N.

To visualize the agreement between the pGRF and pLR values measured by the force
plates and predicted by the models, a series of Bland—Altman plots were built for both
the resultant and vertical vectors and for all accelerometer placements. Figure 7 shows
the Bland—Altman plots for the resultant pGRF (panel A) and pLR (panel B) vectors of the
hip-worn accelerometers. Both plots show good agreement levels, as at least 94% of the
data points are within the limits of agreement and the data tend to cluster around zero.
Bland-Altman plots for the other accelerometer placements and vectors also showed the
same previously described patterns and can be found in Supplementary Figure S2 for pGRF
and in Supplementary Figure S3 for pLR. Moreover, as could be observed from the results
of the one-sample t-tests, none of the equations presented a bias significantly different
from zero (p > 0.05). Furthermore, all of the equations showed a proportional bias, i.e., the
magnitude of the values influences the prediction error. However, as the linear regressions
used to assess the proportional bias presented a very small R?> (maximum value of 0.10),
this effect is negligible.
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Figure 7. Bland—Altman plots showing agreement between actual and predicted peak ground reaction
force (Panel A) and loading rate (Panel B) for the resultant vectors from hip-worn accelerometers.
Continuous thick lines show bias (the average of the differences between actual and predicted values),
while dashed lines show the limits of agreement (bias & standard deviation). Abbreviations: pGRE,
peak ground reaction force; pLR, peak loading rate.

Finally, an R package was also developed [36] to simplify the application of all of
the necessary data processing steps involved in the implementation of the developed
prediction equations. The package website (https://verasls.github.io/impactr, accessed on
31 October 2022) has all of the installation instructions and documentation necessary to
apply this method on the user’s own data.

4. Discussion

This study aimed to develop accelerometer-based mechanical loading prediction
equations for pGRF and pLR, for jumping exercises of different types and heights. We
also tested different accelerometer placements and data derived from both the resultant
and vertical acceleration vectors. Our results showed that the pGRF prediction models
developed for jumping activities based on accelerometry data have an MAPE around
13%. The prediction equations developed for pLR resulted in a lower accuracy, with an
MAPE around 22%. These models are the first to be developed specifically for high-impact
jumping activities in adults.
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When comparing the accuracy indices of the pGRF prediction equations developed in
the present study with other equations from past investigations, developed for walking
and running, it can be seen that our models have a lower accuracy [17,18,20-22]. This
can be explained, at least partially, by the high heterogeneity in the jumping movement
patterns, as several combinations of jump types and heights were tested in our study. In
addition, subjects with different skill levels were included in the sample, which may have
favored heterogeneity. Nevertheless, these MAPE values are similar to the results usually
found in accelerometer-based energy expenditure prediction models [37], which have
widespread use in research. As for the pLR prediction equations, they presented a lower
accuracy compared to the pGRF equations, corroborating previous findings [19,21,22]. This
is possibly due to the fact that the loading rate is typically calculated through a derivative of
the force signal from the beginning of the foot’s contact with the floor to the point where the
pGREF is achieved [19,21,22,38]. As this is a small time window—usually less than 0.2 s for
the jumps that were performed in our protocol—it requires a fine sampling acquisition that
captures small graduations in the force values throughout time, which is difficult to achieve
with common accelerometer sampling frequencies, which are usually 100 Hz at maximum.
Nevertheless, although our pLR prediction models had worse accuracy compared with
the pGRF models, their accuracy was similar or even better than the results from previous
studies that developed models to predict pLR during walking only [19,21]. Furthermore,
although our prediction equations’ error was relatively low, it was accompanied by a
high dispersion, as shown by its standard deviation values. This dispersion, however,
is somewhat expected, given that our data included several types and heights of jumps,
performed with no restriction to arm movements. Nevertheless, we have opted to include
this wide range of movement patterns in order to increase the external validity of the
equations, conferring them with a greater usability, without, for example, the need for
different models for different kinds of jumps, which would hinder the application of the
models to real-world data.

Bone increases its mass and optimizes its geometry and microarchitecture in response
to adequate mechanical stimulation [1,2], particularly of high magnitude [39,40]. These
types of high-intensity impact activities have been shown to be more strongly associated
with bone health improvements, even if they are only performed in small volumes through-
out the day. In fact, Vainionpaa et al. [39] demonstrated that performing a relatively low
number (<100) of impacts with pACC above 4.9 g daily is positively associated with in-
creases in bone mineral density. Usually, this acceleration magnitude can be achieved
only by specific movements, such as jumps [16,39]. Nevertheless, accelerometry-based
mechanical loading regression models have mostly been validated for a set of activities
such as walking and running, which elicit relatively low acceleration magnitudes [18,21,22].
The results of our study provide new mechanical loading prediction models for jumping,
which is noteworthy because jumping is one of the most popular and effective exercises
prescribed for bone health improvement [41], but also one that could increase the risk of
fracture in patients with severe osteoporosis and bone fragility. Therefore, it is crucial to
develop strategies that can adequately monitor the mechanical loading associated with
this activity.

The development of such models was performed with the direct purpose of assessing
the loading sustained by the skeletal system during daily physical activity. To date, physi-
cal activity monitoring and exercise prescription aiming for bone health promotion have
largely been carried out almost blindly or through the use of subjective instruments such as
questionnaires. Moreover, the absence of a trustworthy method to monitor daily mechani-
cal loading may preclude the prescription and self-involvement of patients in high-impact
activities that may expose them to a higher risk of musculoskeletal injuries. These issues
may be overcome with the recent popularization of wearable sensors, such as accelerome-
ters, and their ability to be used as a tool for mechanical loading prediction. This would
allow some important clinical applications, as the models developed in this study—when
used in combination with other prediction equations for other types of activities [22]—can
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be used to fully analyze the mechanical loading spectrum to which people are subjected
daily and relate this information with bone health parameters. Therefore, a more complete
understanding can be achieved as to how mechanical loading influences bone health by,
for instance, identifying the loading volume and magnitude range that are more efficient in
inducing bone health benefits. Moreover, the development and distribution of an R package
that automates the steps necessary to apply these models enhances their applicability to
potential users [16]. This can prove to be an important tool, as the application of these
models depends on several laborious steps—such as the application of digital filters to
reduce noise from the signal, the detection of the peaks in this signal, and the computation
of derivatives to obtain the acceleration rate—necessary for the pRL prediction.

In our protocol, three accelerometer placements (ankle, lower back, and hip) and
two vectors (resultant and vertical) were tested. Overall, the prediction models’ perfor-
mance was reasonably consistent among the different placement and vector combinations,
allowing some conclusions to be drawn. First, the hip accelerometer placement, which
has traditionally been widely employed in research for the direct measurement of physical
activity intensity [42], yielded a slightly better accuracy compared to the other placements
tested. This is useful considering that previous data collected from hip-worn accelerometers
for other purposes can be adequately reanalyzed to obtain mechanical loading predictions.
Furthermore, studies that aim to extract mechanical loading together with other variables
derived from accelerometry data, and that use the hip as the default accelerometer place-
ment, can reliably use this placement. Second, as the magnitude of the resultant vectors of
both pGRF and pLR in the activities that were tested is derived mostly from the vertical
vector, and there were no considerable differences in performance between models using
both vectors, they can be used interchangeably to predict mechanical loading. In addition,
while models using data from the vertical vector allow the use of uniaxial accelerometers,
data derived from the resultant vector have the important advantage of not depending on
the correct orientation of the accelerometer’s axes, which cannot be guaranteed during data
collection in free-living conditions [43].

Although the models presented in this study proved to be valid, some limitations
ought to be considered. First, the choice of activity to elicit high-impact loading was
jumping, and several combinations of jump type and height were tested. Nevertheless,
the results presented here cannot be assured for other high-impact activities, or even
for other types of jumps that were not tested. Second, no external sample for model
validation was recruited. However, the leave-one-out cross-validation method that was
used is the recommended strategy in these situations [33]. Third, to apply these models in
accelerometer-recorded free-living physical activity data, there would be a need to identify
the periods in the acceleration signal in which the activity being performed is jumping.
Therefore, other methods for physical activity pattern detection based on accelerometer
data, such as the models developed by Wang et al. [44], should be used in combination with
these models to allow accurate prediction. Finally, as the jumps were always performed in
the same order, the subjects may have experienced fatigue, especially in the last few trials,
which could have led to changes in their jumping movement patterns.

In conclusion, accelerometry-based mechanical loading prediction models, especially
for pGRF, have proven to be a valid method for determining the mechanical stimulation
induced by jumps of various types and heights. These prediction models were validated
using data from both the resultant and vertical vectors and with accelerometers placed
at the ankle, lower back, and hip. The results from this study will enable the continuous
assessment of mechanical loading in clinical settings, providing a means to objectively
determine the osteogenic potential of daily physical activity and to better monitor and
prescribe exercise aimed to improve bone health. Compared to pGRE, the prediction of
pLR showed lower accuracy.
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Supplemental Figure S1. Distribution of the vertical vector of mechanical loading (peak ground reaction force on Panel Aand
peak loading rate on Panel B) and acceleration (peak acceleration on Panel C and peak acceleration rate on Panel D) variables
per jump type and height combination. Abbreviations: BW, body weight; pACC, peak acceleration; pAR, peak acceleration rate;
PGRF, peak ground reaction force; pLR, peak loading rate.
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Supplemental Figure S2. Bland-Altman plots showing agreement between actual and predicted peak ground reaction force
for accelerometers worn at ankle (Panels A and D), lower back (Panels B and E) and hip (Panels C and F), for both the resultant
vector (Panels A to C) and its vertical component (Panels D to F). Continuous thick lines show bias (average of the differences
between actual and predicted values) while dashed lines show the limits of agreement (bias + 1.96 standard deviation).
Abbreviations: pGRF, peak ground reaction force.
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Supplemental Figure S3. Bland-Altman plots showing agreement between actual and predicted peak loading rate for
accelerometers worn at ankle (Panels A and D), lower back (Panels B and E) and hip (Panels C and F), for both the resultant
vector (Panels A to C) and its vertical component (Panels D to F). Continuous thick lines show bias (average of the differences
between actual and predicted values) while dashed lines show the limits of agreement (bias + 1.96 standard deviation).
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Abstract: Accurately predicting physical activity-associated mechanical loading is crucial for devel-
oping and monitoring exercise interventions that improve bone health. While accelerometer-based
prediction equations offer a promising solution, their external validity across different populations
and activity contexts remains unclear. This study aimed to validate existing mechanical loading
prediction equations by applying them to a sample and testing conditions distinct from the original
validation studies. A convenience sample of 49 adults performed walking, running, and jumping
activities on a force plate while wearing accelerometers at their hip, lower back, and ankle. Peak
ground reaction force (pGRF) and peak loading rate (pLR) predictions were assessed for accuracy.
Substantial variability in prediction accuracy was found, with pLR showing the highest errors. These
findings highlight the need to improve prediction models to account for individual biomechanical
differences, sensor placement, and high-impact activities. Such refinements are essential for ensuring
ﬁ?)edcgtfeosr the models’ reliability in real-world applications, particularly in clinical and biomechanical research

contexts, where accurate assessments of mechanical loading are critical for designing rehabilitation
Citation: Veras, L.; Oliveira, D.; .. . . . . .
programs, injury prevention strategies, and optimizing bone health interventions.
Diniz-Sousa, F,; Boppre, G.;

Resende-Coelho, A.; Oliveira, J.; . . . . . .
o Keywords: ground reaction force; loading rate; accelerometers; validation; biomechanics
Fonseca, H. External Validation of

Accelerometry-Based Mechanical

Loading Prediction Equations. Appl.

Sci. 2024, 14,10292. https://

dot.org/10.3390/app142210292 1. Introduction

Physical activity and exercise are among the main factors that induce mechanical load-

Academic Editor: Ana Martins . . . R R . C . R
ing on bones, which is essential for maintaining and enhancing bone health [1,2]. Engaging

Amare in regular weight-bearing activities, such as vigorous walking, running, and jumping [2,3],
Received: 26 September 2024 stimulates bone formation, increases bone mass, and improves bone geometry and mi-
Revised: 19 October 2024 croarchitecture [4,5], thereby reducing the risk of osteoporosis and bone fractures [1,6].
Accepted: 7 November 2024 These beneficial adaptations occur due mostly to the mechanical forces exerted on bone
Published: 8 November 2024 tissue during physical activity, which are detected by osteocytes and osteoblasts [7] that

trigger adaptive signaling responses [8], stimulating bone remodeling and, ultimately,
contributing to strengthening bone structure. Accurately measuring these forces is essential

for developing effective and safe exercise interventions to enhance bone health and prevent
bone loss-related disorders such as osteopenia and osteoporosis [1-3,9], but has been a
This article is an open access article major Challenge to address [1O]

distributed under the terms and Traditionally, mechanical loading has been measured using laboratory-based methods
conditions of the Creative Commons  such as force plates, which are considered the gold standard [11]. While these methods
Attribution (CC BY) license (https:// ~ provide precise and accurate measurements of ground reaction forces, they are limited by
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4.0/). controlled laboratory environments. More recently, questionnaires have been introduced
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to estimate mechanical loading [12], but they are subject to recall bias and cannot provide
objective data on the intensity and frequency of physical activities [13-15]. Accelerometer-
based prediction equations have emerged as a promising alternative to address these
limitations [16-21], offering the advantages of portability, lower cost, and the ability to
collect data in free-living conditions [22,23].

Accelerometer-based equations have been developed to predict mechanical loading
variables such as peak ground reaction forces (pGRF) and peak loading rate (pLR) from
acceleration data [16-21]. These equations have shown potential in various populations
and activities, but they are often validated only within the specific contexts of their original
studies. Importantly, factors such as sample characteristics, activity type, and testing
conditions can exert a major influence on the performance of these models [24]. Individual
variability in characteristics such as age [25], gender [25], and BMI [26] can significantly
impact the accuracy of these predictions, as these factors influence biomechanical aspects
(e.g., gait patterns, center of mass, balance) that can change how the load is borne by
the body. Therefore, it is crucial to evaluate the external validation of accelerometer-
based equations by testing them on different populations and in diverse activity contexts.
Doing so not only uncovers their limitations but also assesses their reliability in real-world
scenarios, guiding their refinement and ensuring their effective application in clinical
settings to improve bone health interventions. This study aims to validate mechanical
loading prediction equations by testing their prediction accuracy against a different sample
and testing conditions than those used in the original validation studies, in order to assess
their external validation. We tested all previously published equations that could be
applied to our data, specifically those using raw accelerometer data from the right hip,
lower back, or right ankle, and designed to predict mechanical loading during walking,
running, and/or jumping.

2. Materials and Methods
2.1. Participants

A sample of 49 adults, recruited by convenience, participated in this study (26 males;
29.6 £+ 9.6 years; 169.1 + 8.7 cm; 69.6 = 11.3 kg; 24.3 + 3.0 kg-m_z; X + SD). Participant
recruitment was carried out by means of a University of Porto academic community mail-
ing list with information about the study’s objectives, testing protocol, and inclusion and
exclusion criteria. Height and body mass were assessed using a stadiometer (model 213;
Seca, Hamburg, Germany) and a digital scale (model 899; Seca, Hamburg, Germany),
respectively. Inclusion criteria included age between 18 and 65 years and being capable of
performing the activities involved in the trials, which included walking, running, and sev-
eral types of jumping. Exclusion criterion included the presence of any injury or condition
that could preclude participation in the experimental exercises, such as musculoskeletal
disorders and cardiovascular diseases. All participants were informed about the purpose
of the study and activities protocol before giving written informed consent. The study
protocol was approved by the local Ethics Committee (CEFADE 15-21).

2.2. Protocol

Data collection was conducted at the Porto Laboratory of Biomechanics (LABIOMEP-UP).
Ground reaction force data were collected using five force plates embedded in the floor: three
FP4060 (Bertec, Columbus, OH, USA) and two FP6090 (Bertec, Columbus, OH, USA).

During data collection, participants wore three activity monitors (GT9X Link: 100 Hz,
+16 g range; ActiGraph, Pensacola, FL, USA): one placed at the right hip (along the anterior
axillary line at the level of the iliac crest), one at the lower back (at the midpoint between
the two posterior superior iliac spines), and one at the right ankle (immediately superior to
the lateral malleolus). Accelerometer placements at the waist line (right hip and lower back)
were selected for their proximity to the body’s center of mass, providing a representative
measure of overall movement. Right hip placement was chosen due to its widespread use
in research involving physical activity measurement with accelerometers. The placement
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at the right ankle was selected due to its closeness to the ground contact point, allowing
it to capture impact forces during the activities. Hip and lower back accelerometers were
securely fastened with clips on an elastic belt, while the ankle accelerometer was held in
place with adhesive tape and an elastic belt. The researchers positioned the accelerometers
in order to ensure their correct positioning and orientation.

The protocol included data collection during walking, running, and jumping activities.
For walking and running, a 10 m path was marked on the laboratory floor, including the
force plates in its center. Participants performed normal, slow, and fast walking, followed
by slow and fast running, always with a self-selected speed. Three valid attempts were
collected for each condition, with a 30 s rest between the walking trials and 1 min between
the running trials. Attempts were considered valid if the participant’s foot landed entirely
on at least one force plate, without stepping on its borders. Participants were not informed
about the force plate placement, nor of the necessity to completely step on them during
each trial, to avoid altering their natural movement patterns during walking and running.

Participants also completed a series of jumping trials, starting with two types of jumps
using a 30 cm high box: (i) drop jumps (from the box to the floor) and (ii) box jumps (from
the floor to the box). Then, they performed countermovement jumps with and without arm
movements (hands on hips for the latter), horizontal forward jumps (from the floor to the
platform and vice versa), side hops (multiple lateral jumps between two force plates, with
either both legs together or landing with one foot on each platform), and continuous jumps
(starting from a standing position with feet hip-width apart, at two heights: approximately
5 cm for 10-15 repetitions and approximately 15 cm for 5 repetitions). Three valid trials
were recorded for drop, box, countermovement, and horizontal forward jumps, while
multiple jumps were tested for side hops and continuous jumps. A 1 min rest interval was
applied between the jumping trials.

Activity monitors incorporated built-in primary and secondary triaxial accelerome-
ters, with the primary having a dynamic range of +8 g and a proprietary filter and the
secondary having a dynamic range of +16 g with unfiltered data. To avoid filtering bias
and increase accuracy and replicability, only data from the secondary accelerometer were
used. Data from force plates (Qualysis Track Manager, version QTM 2021.1; Qualysis AB,
Gothenburg, Sweden) and accelerometers (ActiLife, version 6.13.3; Actigraph, Pensacola,
USA) were processed with the manufacturer’s software and exported as raw x, y, and z
vector data. Ground reaction forces were reported in Newtons (N), and acceleration in
units of gravitational acceleration (1 g = 9.807 m-s~2).

2.3. Data Processing

Force plate and accelerometer data were processed using MATLAB (version 2022a;
MathWorks, Natick, MA, USA). Due to differing sampling frequencies (1000 Hz for the
force plates and 100 Hz for the activity monitor), resampling was necessary. To attenuate
noise, data were filtered using a Butterworth fourth-order low-pass filter with a 20 Hz
cut-off frequency, determined through Fast Fourier Transform (FFT) and visual examination
of the signal’s frequency spectrum. The resultant vectors for ground reaction force and
acceleration (r; = \/xlz + yzz + z?) were calculated. Afterwards, both ground reaction force
and acceleration signals were adjusted by their timestamp and synchronized through
the maximum cross-correlation coefficient. Then, the signals were visually inspected for
confirmation, and the synchronization was manually adjusted, if necessary.

Walking and running peak acceleration were identified based on two criteria: They had
to exceed the average acceleration measured in the trial by at least 1 standard deviation (SD),
with a minimum gap of 0.2 s between peaks. For drop, box, countermovement, and horizontal
forward jumps, peak acceleration was determined as a minimum height of 2 SD above the mean
acceleration and a separation of at least 0.4 s. Finally, for the side hops and continuous jumps,
peak acceleration was identified by a minimum height of 2 SD above the mean acceleration
and by a separation of at least 0.3 s. The peak ground reaction force was defined as the highest
ground reaction force value within 0.1 s before and after each peak acceleration.

83



Appl. Sci. 2024, 14, 10292

40f13

Rates of change were computed using a centered derivative, and peak loading rate
and peak acceleration rate were defined as the maximum values in the array. For each
movement type and accelerometer placement, mean values of peak ground reaction force,
peak acceleration, peak loading rate, and peak acceleration rate for the resultant vector and
its vertical component were obtained and used in all following analyses.

2.4. Statistical Analyses

The statistical analyses were performed using the R software (version 4.3.2; R Foun-
dation for Statistical Computing, Vienna, Austria). The models selected to be tested in
this study were as follows: Veras et al., 2022 [20] and Neugebauer et al., 2014 [17] for
walking and running, and Veras et al., 2023 [21] for jumping. We predicted all mechanical
loading variables from these studies, using the reported model coefficients, on our data.
For the studies from Veras et al., 2022 [20] and Veras et al., 2023 [20], pGRF and pLR were
predicted using the resultant vector and the vertical component on hip, lower back, and
ankle accelerometers. For the study from Neugebauer et al., 2014 [17], only vertical pGRF
using the hip accelerometer was predicted, as it was the only equation from their study that
could be used with our data. The study from Veras et al., 2022 [20] included walking and
running on a force plate-instrumented treadmill, at 13 speeds, ranging from 2 to 14 km-h~!
(with 1 km-h~! increments). Neugebauer et al., 2014 [17] tested walking and running on a
15 m straight path that included a force plate, with between 8 and 10 walking and 8 and 10
running self-selected speeds. Veras et al., 2023 [21] tested several heights of drop jumps,
box jumps, and continuous jumps.

Accuracy indices, including mean absolute error (MAE), mean absolute percent error
(MAPE), and root mean square error (RMSE), were computed. Bland—Altman plots were
used to visually analyze agreement between predicted and measured values, with bias and
limits of agreement calculated and plotted.

3. Results

Table 1 shows the characteristics of the participants from the studies by Veras et al.,
2022 [20], Neugebauer et al., 2014 [17], and Veras et al., 2023 [21]. The studies by Veras et al.,
2022 [20] and Veras et al., 2023 [21] involved a larger and older population compared to the
study by Neugebauer et al., 2014 [17], which had a younger sample with a lower average
body mass index. The diversity in sample characteristics across these studies shows the
variability in the populations used to validate mechanical loading prediction equations.

Table 1. Sample characteristics of the Veras et al. (2022) [20], Neugebauer et al. (2014) [17], and Veras
et al. (2023) [21] studies.

Veras et al. (2022) [20] Neugebauer et al. (2014) [17]  Veras et al. (2023) [21]

(52 females, 79 males) (20 females, 19 males) (51 females, 27 males)
Age (years) 320+ 112 212+13 356 +11.6
Height (m) 1.65 + 0.09 1.73 £ 0.12 1.63 + 0.09
Mass (kg) 76.9 +19.6 67.6 +£11.5 82.4 +20.6
BMI (kg-m—2) 28.5 + 81 225423 313 £87

Data presented as mean =+ standard deviation. Abbreviations: BMI, body mass index.

3.1. Accuracy of pGRF and pLR Predictions for Walking and Running Using the Veras et al.,
2022 [20] Equations

The accuracy of mechanical loading predictions for walking and running using the
Veras et al., 2022 [20] equations is summarized in Table 2. The pGRF prediction for walking
showed MAE ranging from 557.0 N to 621.7 N across different accelerometer placements,
with MAPE values between 74.1% and 83.3%, which can be considered as very large
prediction errors. The RMSE values ranged from 567.2 N to 632.5 N, indicating substantial
discrepancies between predicted and actual values. For running, the pGRF prediction
demonstrated improved accuracy, with MAE values ranging from 189.9 N to 247.5 N,
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MAPE between 11.6% and 14.4%, and RMSE from 240.9 N to 314.8 N. The pLR predictions
for walking had high MAE values, ranging from 8042.0 N-s~! to 10,328.2 N-s~! and MAPE
between 106.5% and 147.6%. In contrast, running pLR predictions showed MAE values
from 14,198.7 N-s~! t0 22,334.3 N-s~1, MAPE between 35.2% and 56.6%, and RMSE from
17,408.8 N-s ! to 26,363.9 N-s~ L. With these results, particularly MAPE values over 100%,
the pLR prediction can be regarded as unacceptable. Supplemental Table S1 describes the
pGRF and pLR prediction errors for each separate walking and running speed using the
Veras et al., 2022 [20] equation.

Table 2. Accuracy indices for pGRF and pLR predictions for walking and running based on the Veras
et al. (2022) [20] equations. The high prediction errors for pLR reflect challenges in accurately predicting
this variable using accelerometers. Factors such as low accelerometer sampling frequency and individual
variation in biomechanics likely contribute to the larger discrepancies in pLR compared to pGRE.

Vector Activity Accelerometer Placement MAE MAPE RMSE
PGREF prediction
Resultant Walking Ankle 606.7 80.0% 617.3
Lower back 598.7 78.9% 609.9
Hip 577.4 75.9% 587.7
Running  Ankle 247.5 14.3% 314.8
Lower back 218.0 12.9% 271.0
Hip 189.9 11.6% 240.9
Vertical Walking Ankle 621.7 83.3% 632.5
Lower back 596.8 79.6% 607.3
Hip 557.0 74.1% 567.2
Running  Ankle 243.5 14.4% 302.0
Lower back 239.8 14.1% 295.8
Hip 199.7 12.1% 248.5
PLR prediction
Resultant Walking Ankle 8847.6  116.0% 9706.2
Lower back 9460.4 134.0% 10,372.9
Hip 8713.0  114.8% 9653.9
Running  Ankle 16,638.6 40.6% 20,459.1
Lower back 17,539.7 43.1% 21,288.0
Hip 22,334.3 56.6% 26,363.9
Vertical Walking Ankle 8042.0  106.5% 8826.3
Lower back 10,328.2  147.6% 11,247.3
Hip 8512.6  113.6% 9334.4
Running  Ankle 15,729.8 38.9% 19,313.6
Lower back 16,609.6 40.7% 20,319.9
Hip 14,198.7 35.2% 17,408.8

Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent error; pGRF, peak ground reaction force;
PLR, peak loading rate; RMSE, root mean square error.

3.2. Accuracy of pGRF Predictions for Walking and Running Using the Neugebauer et al.,
2014 [17] Equation

The results for walking and running pGRF predictions using the Neugebauer et al.,
2014 [17] equation are presented in Table 3. For walking, the pGRF prediction using hip
accelerometers had an MAE of 75.0 N, MAPE of 9.7%, and RMSE of 104.9 N. Running
predictions showed higher errors, with an MAE of 168.7 N, MAPE of 11.1%, and RMSE
of 213.5 N. Compared to Veras et al., 2022 [20], the Neugebauer et al., 2014 [17] equation
generally showed a much better accuracy for walking but comparable errors for running.
The pGRF prediction errors for each walking and running speed using the Neugebauer
2014 [17] equation are shown in Supplemental Table S2.
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Table 3. Accuracy indices for pGRF for walking and running based on the Neugebauer et al.
(2014) [17] equation.

Vector Activity Accelerometer Placement MAE MAPE RMSE

PGREF Prediction

Vertical Walking Hip 75.0 9.7% 104.9
Running  Hip 168.7 11.1% 213.5

Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent error; pGRF, peak ground reaction force;
RMSE, root mean square error.

3.3. Accuracy of pGRF and pLR Predictions for Jumping Using the Veras et al., 2023 [21]
Equations

The accuracy indices for predicting pGRF and pLR during jumping activities using
the Veras et al., 2023 [21] equations are displayed in Table 4. MAE values ranged from
378.6 N to 646.2 N and MAPE between 15.2% and 28.1%, which are comparable to the
PGREF prediction equations error for running. RMSE values for pGRF predictions during
jumping ranged from 499.2 N to 786.2 N. The pLR predictions for jumping were notably
less accurate, with MAE values between 25,233.5 N-s~! and 42,578.0 N-s~1, and MAPE
ranging from 149.0% to 260.3%. Corresponding RMSE values ranged from 28,840.3 N-s~!
to 46,675.9 N-s !, indicating unacceptably large prediction errors for loading rate during
these high-impact activities. Supplemental Table S3 presents the pGRF and pLR prediction
errors for all jumping activities separately, using the Veras et al., 2023 [21] equations.

Table 4. Accuracy indices for pGRF and pLR prediction for jumping based on the Veras et al., (2023) [21]
equations. The pLR predictions for jumping activities show particularly high error rates, with MAPE
values exceeding 200%. These errors highlight the difficulty in capturing the rapid, high-magnitude forces
involved in jumping, and the difficulty in reflecting measurement sensitivity in pLR predictions.

Vector Accelerometer Placement MAE MAPE RMSE

PGREF prediction

Resultant Ankle 646.2 27.2% 786.2
Lower back 405.3 16.7% 518.9
Hip 380.6 15.2% 499.2

Vertical Ankle 633.6 28.1% 762.9
Lower back 433.1 18.8% 542.0
Hip 378.6 15.5% 500.8

PLR prediction

Resultant Ankle 42,578.0 260.3% 46,675.9
Lower back 30,446.0 171.4% 33,924.7
Hip 25,233.5  149.0% 28,840.3

Vertical Ankle 39,082.2  257.2% 43,130.8
Lower back 36,628.7  213.6% 39,823.7
Hip 28,880.9  161.5% 32,443.4

Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent error; pGRF, peak ground reaction force;
PLR, peak loading rate; RMSE, root mean square error.

3.4. Bland—-Altman Plot Analysis

A Bland-Altman plot of measurements that show high agreement would depict data
points scattered randomly around the bias line, with most points falling within the limits of
agreement, indicating no systematic bias between the actual and predicted values. In this
study, Bland-Altman plots for pGRF prediction using Veras et al., 2022 [20] showed systematic
biases for both walking and running activities (Figure 1). The points for walking clustered
more tightly around the mean difference line, while running data displayed a larger spread,
particularly for higher values of ground reaction force. Similar trends were observed in pLR
prediction equations using Veras et al., 2022 [20] (Figure 2), where larger deviations were noted
for running compared to walking. Regarding the Bland—Altman plot for walking and running
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PGREF prediction using the Neugebauer et al., 2014 [17] equation (Figure 3), the data points are
much more evenly distributed around the bias, which is very close to zero, showing no signs
of systematic bias. For jumping activities (Figures 4 and 5), Bland—Altman plots indicated
substantial biases and wide limits of agreement, especially for pLR prediction (Figure 5).
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Figure 1. Bland-Altman plots displaying the level of agreement between actual and predicted
PGREF for accelerometers worn at the ankle (panels A,D), lower back (panels B,E), and hip (panels
C,F). These plots cover both the resultant vector (panels A-C) and its vertical component (panels
D-F). Predictions of pGRF during walking and running were calculated using the equations from
Veras et al. (2022) [20]. The solid lines represent the bias (the mean difference between actual
and predicted values), while the dashed lines mark the limits of agreement (bias +1.96 standard
deviations). Abbreviations: pGRF, peak ground reaction force.
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Figure 2. Bland-Altman plots displaying the level of agreement between actual and predicted pL for
accelerometers worn at the ankle (panels A,D), lower back (panels B,E), and hip (panels C,F). These
plots cover both the resultant vector (panels A-C) and its vertical component (panels D-F). Predictions
of pLR during walking and running were calculated using the equations from Veras et al. (2022) [20].
The solid lines represent the bias (the mean difference between actual and predicted values), while
the dashed lines mark the limits of agreement (bias 1.96 standard deviations). Abbreviations: pLR,
peak loading rate.
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Figure 3. Bland—Altman plot displaying the level agreement between actual and predicted pGRF
for accelerometers worn at the hip for the vertical vector. Predictions of pGRF during walking
and running were calculated using the equation from Neugebauer et al. (2014) [17]. The solid line
represents the bias (the mean difference between actual and predicted values), while the dashed lines
mark the limits of agreement (bias +1.96 standard deviations). Abbreviations: pGRF, peak ground
reaction force.
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Figure 4. Bland-Altman plots displaying the level of agreement between actual and predicted pGRF
for accelerometers worn at the ankle (panels A,D), lower back (panels B,E), and hip (panels C,F).
These plots cover both the resultant vector (panels A—C) and its vertical component (panels D-F).
Predictions of pGRF during jumping were calculated using the equations from Veras et al. (2023) [21].
The solid lines represent the bias (the mean difference between actual and predicted values), while
the dashed lines mark the limits of agreement (bias £1.96 standard deviations). Abbreviations: pGRF,
peak ground reaction force.
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Figure 5. Bland-Altman plots displaying the level of agreement between actual and predicted pL
for accelerometers worn at the ankle (panels A,D), lower back (panels B,E), and hip (panels CF).
These plots cover both the resultant vector (panels A—-C) and its vertical component (panels D-F).
Predictions of pLR during jumping were calculated using the equations from Veras et al. (2023) [21].
The solid lines represent the bias (the mean difference between actual and predicted values), while
the dashed lines mark the limits of agreement (bias 1.96 standard deviations). Abbreviations: pLR,
peak loading rate.

4. Discussion

The objective of this study was to validate mechanical loading prediction equations
previously developed using different sample and testing conditions than the ones used
in their original validation studies in order to determine their external validity. This was
accomplished by testing the mechanical loading prediction equations developed by Veras
et al., 2022 [20], Neugebauer et al., 2014 [17], and Veras et al., 2023 [21] on a new sample
performing walking, running, and several jumping activities. The main results indicated
varying degrees of prediction accuracy, with discrepancies observed in the prediction errors
for different activities and accelerometer placements.

As far as we know, this is the first study to investigate the external validity of mechan-
ical loading prediction equations. External validation is crucial for several reasons [27-29].
Firstly, it ensures that the prediction models are not overfitted to the specific sample and
conditions of the original study, thus confirming their robustness and generalizability
to other populations and settings. Secondly, this type of validation helps to identify the
potential limitations and biases inherent in the original models. For example, models
developed with a homogeneous sample may not perform well with a more diverse popula-
tion, including variations in age, gender, body composition, and physical activity levels,
which are all factors that can influence the prediction accuracy [24]. Thirdly, by testing
these models in a variety of activity contexts we can better understand their practical
applicability in real-world scenarios. This is particularly important for public health and
clinical applications [30,31], where accurate and reliable assessments of mechanical loading
are needed to prescribe appropriate physical activities, monitor rehabilitation progress, and
prevent injury.

When comparing the results of this external validation study with the results of the
original studies, some differences emerge. For walking and running, pGRF and pLR
predictions using the Veras et al., 2022 [20] equations, the original study reported lower
prediction errors, with MAPE ranging from 6.8% to 7.3% for pGRF and 17.7% to 19.1%
for pLR. In contrast, our current study found higher MAPE values, especially for walking,
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with MAPE exceeding 100% for pLR, indicating less accurate predictions in our external
validation sample. Similarly, Neugebauer et al., 2014 [17] reported a MAPE of 8.3% for
walking and running pGRF predictions, which is slightly better than the 9.7% and 11.1%
MAPE observed in our study. For jumping activities, Veras et al., 2023 [21] reported MAPE
values between 12.3% and 14.5% for pGRF and 20.7% to 24.7% for pLR. Our current external
validation study found significantly higher errors, particularly for pLR predictions during
jumping, with MAPE values reaching up to 260.3%. These greater errors were, to some
degree, expected because external validation involves testing the models on different
populations and conditions than those used in the original studies, for which the models
were optimized. When applied to new, more variable datasets, the models are likely to
encounter variations that they were not initially exposed to, which usually leads to higher
prediction errors [24,27,28].

The high errors observed in pLR predictions stem from several factors. First, pLR
is an inherently volatile variable, reflecting rapid changes in force over very short time
intervals, particularly during high-impact activities like jumping. This volatility makes
accurate prediction extremely sensitive to the exact timing of ground contact and peak
force, a challenge noted in several validation studies [19-21,32]. Wearable accelerometers,
typically sampling at 100 Hz, may not capture the precise moment of force application,
leading to a smoothing of the data that significantly distorts pLR estimates. This chal-
lenge is compounded by inter-individual variability in biomechanics; different subjects
exhibit varied landing mechanics, joint stiffness, and movement strategies, all of which can
drastically affect loading rates but are not easily captured by accelerometers alone.

Moreover, even slight differences in accelerometer positioning can lead to substantial
differences in the data collected. During high-impact activities like jumping, imperceptible
shifts in sensor position can result in markedly different acceleration profiles, leading to
large discrepancies in pLR predictions [33,34]. While researchers can ensure correct device
positioning in laboratory conditions, this is not guaranteed in real-life settings. Subjects
may be unaware of errors in accelerometer positioning, and the device’s position could
shift during extended data collection protocols, significantly contributing to greater pre-
diction errors, thereby compromising the interpretation of study results. Additionally, the
variability in human movement patterns, influenced by factors such as gait, speed, and
individual biomechanics [35,36], introduces additional noise into the data, challenging
the models’ ability to generalize across different populations and conditions. These fac-
tors collectively highlight the need for more sophisticated modeling approaches that can
compensate for limitations in accelerometer sampling rates, account for inter-individual
variability in biomechanics, mitigate the effects of sensor placement inconsistencies, and
adapt to the complexity and variability of human movement in real-world settings.

These results have important practical implications for researchers studying physical
activity-related mechanical loading and using accelerometer-based prediction equations.
Our findings suggest that while these models can provide useful estimates, their accuracy
can vary significantly depending on the activity type, sample characteristics, and testing
conditions, and that this varying accuracy needs to be considered when interpreting the
results of studies that apply these equations. In real-world applications, such as sports
training or rehabilitation, accurate predictions of mechanical loading are critical for tailoring
exercise programs to prevent osteoarticular injury or to optimize bone health. However,
the current prediction inaccuracies may limit the practicality of the models in these settings.
If not addressed, these limitations could result in suboptimal recommendations, potentially
compromising bone health outcomes. Thus, further refinement is essential to ensure these
models can be reliably applied in real-world clinical and sports contexts.

This study has some limitations that should be acknowledged in order to adequately
interpret its results. Firstly, the testing conditions, while diverse, may not capture all
possible real-world scenarios. Future research should aim to test different activities and
environments compared to the previous studies, such as examining the mechanical loading
of locomotion on different surfaces, climbing stairs, or including sport-specific move-
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ments and other specialized activities. Secondly, the study was conducted in a controlled
laboratory environment, which may not fully replicate the complexities and variations
encountered in free-living conditions. The controlled setting might have reduced external
factors like terrain variability, environmental conditions, and daily life movements, poten-
tially influencing the prediction models’ performance when compared to their application
in real life settings. Furthermore, as the researchers positioned the accelerometers and
ensured that their position remained correct for the duration of the trials, the results cannot
account for the effect of increased error due to accelerometer misplacement and shifting that
can occur in free-living conditions [37]. Finally, this study’s sample is relatively small and
homogenous in characteristics such as age and body mass index. Therefore, we may not
know if these results hold true for people with diverse characteristics, such as the elderly
and people with obesity. Despite these limitations, the study’s strengths lie in its rigorous
methodological approach and the comprehensive evaluation of multiple prediction models
across various activities, providing valuable insights into their external validity.

Future studies aiming to improve the accuracy of mechanical loading prediction equa-
tions could explore the use of advanced machine learning techniques, which are better
equipped to capture the complexity and variability inherent to biomechanical data. Addi-
tionally, employing accelerometers with higher sampling frequencies would provide more
detailed data, which is essential for accurately detecting critical events like peak loading
rates. Techniques that enable the reconstruction of ground reaction force signals from
accelerometer data could further enhance accuracy, particularly in pLR predictions, making
these models more reliable for diverse real-world applications. Moreover, prediction accu-
racy could be potentially improved by using data from sensors in two or more placements
simultaneously. Although this strategy would not be feasible when collecting daily living
data due to a probable decrease in the participant’s adherence to the protocol, in more
controlled scenarios, such as gathering mechanical loading data from athletes during their
sports practice, this could be a valid strategy. Together, these approaches could not only
enhance the accuracy of the models but also improve their consistency by mitigating the
systematic biases observed in our analysis, reducing the tendency to either consistently
overestimate or underestimate the predicted values, and making the bias values closer to
zero. In conclusion, this study demonstrates the necessity and value of external validation
for mechanical loading prediction equations. Our findings indicate that while existing
models can be useful, their accuracy is context-dependent, and further refinement and
validation are needed. This research highlights the importance of continuous evaluation
and adaptation of prediction models to enhance their applicability and reliability in diverse
real-world settings.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/app142210292/s1. Table S1: Accuracy indices for pGRF and pLR
prediction for different walking and running speeds based on the Veras et al. (2022) [20] equations;
Table S2: Accuracy indices for pGRF and pLR prediction for different walking and running speeds
based on the Neugebauer et al. (2014) [17] equation; Table S3: Accuracy indices for pGRF and pLR
prediction for different types of jumping based on the Veras et al. (2023) [21] equations; Video S1:
Example of the activities included in the protocol.
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Supplemental Material

Supplemental Table 1. Accuracy indices for pGRF and pLR prediction for different walking

and running speeds based on Veras et al (2022) equations

Vector Accelerometer o0 o MAE MAPE RMSE
placement
pGREF prediction
Resultant Ankle Slow walking 692.3 99.5% 695.0
Normal walking 626.6 82.9% 631.5
Fast walking 500.7 57.6% 510.8
Lower back Slow walking 682.5 97.7% 686.4
Normal walking 616.2 81.4% 621.7
Fast walking 493.1 56.8% 503.4
Hip Slow walking 652.8 93.4% 656.5
Normal walking 595.0 78.6% 600.5
Fast walking 482.8 55.4% 493.1
Ankle Slow running 184.0 11.8% 231.4
Fast running 313.4 16.9% 382.7
Lower back Slow running 165.6 11.0% 201.7
Fast running 270.7 14.9% 326.2
Hip Slow running 162.9 10.8% 204.3
Fast running 218.1 12.5% 273.9
Vertical Ankle Slow walking 709.0 103.3% 7124
Normal walking 640.9 86.1% 645.8
Fast walking 515.0 60.3% 524.8
Lower back Slow walking 676.1 97.4% 679.9
Normal walking 613.7 82.1% 619.1
Fast walking 495.8 58.3% 505.6
Hip Slow walking 626.6 90.3% 630.6
Normal walking 574.7 76.9% 580.4
Fast walking 467.8 54.6% 478.1
Ankle Slow running 180.1 11.5% 224.7
Fast running 310.9 17.6% 366.8
Lower back Slow running 177.6 11.6% 216.1
Fast running 302.4 16.6% 358.6
Hip Slow running 167.3 11.0% 211.3
Fast running 233.9 13.4% 282.6
pLR prediction
Resultant Ankle Slow walking 12 174.1 198.3% 12 332.1
Normal walking 93328 108.8% 97024
Fast walking 5025.6 41.0% 6 034.5
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Lower back Slow walking 13 033.0 240.3% 13 196.4
Normal walking 9921.6 114.8% 10276.4

Fast walking 52549 43.3% 6347.9

Hip Slow walking 12 243.7 201.3% 12 420.5
Normal walking 8 843.5 103.5% 9313.7

Fast walking 5000.1 38.6% 6 153.7

Ankle Slow running 10 465.2 31.3% 12 966.4
Fast running 230494 50.3% 26 051.1

Lower back Slow running 10 872.1 32.9% 13 164.0
Fast running 24 254.7 53.4% 271119

Hip Slow running 14 159.5 43.8% 16 636.4
Fast running 30861.9 69.9% 33 636.2

Vertical Ankle Slow walking 11 081.9 182.1% 11237.1
Normal walking 8405.7 99.4% 8763.9

Fast walking 4 635.7 38.1% 55352

Lower back Slow walking 14 005.9 260.6% 14 153.0
Normal walking 10 988.2 128.2% 11289.2

Fast walking 57735 49.3% 6929.4

Hip Slow walking 11 634.0 193.7% 11 785.0
Normal walking 9026.1 106.1% 9366.9

Fast walking 4797.8 39.6% 5802.2

Ankle Slow running 10239.2 30.6% 12 659.0
Fast running 215747 47.6% 24 484.8

Lower back Slow running 10257.3 30.7% 12 656.5
Fast running 23 006.9 50.8% 25834.2

Hip Slow running 9264.6 27.8% 11491.6
Fast running 19 420.8 43.2% 22 001.5

Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent error; pGRF, peak ground reaction
force; pLR, peak loading rate; RMSE, root mean square error
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Supplemental Table 2. Accuracy indices for pGRF and pLR prediction for different walking
and running speeds based on Neugebauer et al (2014) equations

Vector Iﬁ‘;‘é‘;ﬁﬁ?eter Speeds MAE MAPE RMSE

pGREF prediction

Vertical Hip Slow walking 59.6 8.8% 79.9
Normal walking 69.7 9.7% 104.4
Fast walking 96.1 10.8% 125.9
Slow running 150.6 10.8% 188.3
Fast running 187.9 11.5% 237.2

Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent error; pGRF, peak ground reaction
force; pLR, peak loading rate; RMSE, root mean square error
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Supplemental Table 3. Accuracy indices for pGRF and pLR prediction for different types of jumping based on Veras et al (2023)

equations
Vector Accelerometer o vpe MAE MAPE RMSE
placement
pGREF prediction
Resultant Ankle Box jumps 3254 17.3% 376.3
Drop jumps 5739 18.5% 741.5
Counter-movement jumps - with arms 688.7 22.9% 893.6
Counter-movement jumps - no arms 713.5 22.3% 914.7
Continuous jumps - Scm 803.9 24.6% 956.2
Continuous jumps - 15cm 565.1 26.9% 698.5
Forward jumps - landing 531.6 18.8% 688.2
Forward jumps - take off 675.2 45.0% 709.1
Side hops - legs apart 627.4 45.9% 694.1
Side hops - legs together 636.9 21.9% 762.4
Lower back Box jumps 198.3 8.6% 270.9
Drop jumps 409.6 13.4% 524.2
Counter-movement jumps - with arms 442.9 15.4% 574.8
Counter-movement jumps - no arms 471.9 16.4% 580.7
Continuous jumps - Scm 516.9 16.3% 633.0
Continuous jumps - 15cm 404.9 16.5% 542.0
Forward jumps - landing 515.0 18.1% 655.0
Forward jumps - take off 280.5 18.0% 338.2
Side hops - legs apart 322.7 22.7% 396.7
Side hops - legs together 396.1 14.1% 488.9
Hip Box jumps 325.2 14.8% 380.0
Drop jumps 354.0 12.0% 462.5
Counter-movement jumps - with arms 263.0 10.2% 389.6
Counter-movement jumps - no arms 468.6 17.5% 601.3
Continuous jumps - 5cm 487.3 15.3% 609.1
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Vertical

Ankle

Lower back

Hip

Continuous jumps - 15cm
Forward jumps - landing
Forward jumps - take off
Side hops - legs apart
Side hops - legs together
Box jumps

Drop jumps

Counter-movement jumps - with arms
Counter-movement jumps - no arms

Continuous jumps - Scm
Continuous jumps - 15cm
Forward jumps - landing
Forward jumps - take off
Side hops - legs apart
Side hops - legs together
Box jumps

Drop jumps

Counter-movement jumps - with arms
Counter-movement jumps - no arms

Continuous jumps - Scm
Continuous jumps - 15cm
Forward jumps - landing
Forward jumps - take off
Side hops - legs apart
Side hops - legs together
Box jumps

Drop jumps

Counter-movement jumps - with arms
Counter-movement jumps - no arms

Continuous jumps - S5cm
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376.6
374.1
267.3
241.2
435.9
359.3
566.0
666.1
679.5
726.4
593.8
492.3
833.2
758.1
533.0
160.1
441.5
444.0
473.7
545.6
415.8
542.5
371.7
441.2
354.0
257.1
397.7
272.6
534.6
450.8

15.4%
13.4%
16.9%
15.7%
15.5%
19.4%
18.3%
22.1%
21.7%
22.6%
29.0%
18.7%
56.9%
55.3%
19.8%

7.1%
14.6%
15.7%
16.9%
17.2%
16.9%
20.4%
25.0%
31.2%
13.3%
12.1%
13.7%
10.4%
20.3%
14.3%

512.5
476.9
348.4
331.8
541.0
412.5
730.6
861.3
869.9
874.2
720.2
637.8
859.7
806.3
645.3
225.5
566.3
577.0
574.9
659.0
556.7
686.6
417.6
492.7
443.0
308.5
5233
399.0
655.5
568.3



Continuous jumps - 15cm 363.5 14.2% 497.6

Forward jumps - landing 601.0 21.3% 771.8

Forward jumps - take off 268.4 17.8% 330.6

Side hops - legs apart 267.2 18.4% 366.4

Side hops - legs together 388.7 14.5% 489.1

pLR prediction

Resultant Ankle Box jumps 63913.1 495.9% 64 240.5
Drop jumps 27739.3 55.6% 31469.4

Counter-movement jumps - with arms 31418.9 94.6% 35950.4

Counter-movement jumps - no arms 24 269.6 49.1% 29095.8

Continuous jumps - Scm 35895.2 101.2% 38 052.7

Continuous jumps - 15cm 46 132.6 371.8% 50198.5

Forward jumps - landing 28320.3 29.5% 34921.7

Forward jumps - take off 72791.4 1398.2% 73017.0

Side hops - legs apart 59 528.2 430.1% 60 021.2

Side hops - legs together 37723.5 126.7%% 40 198.1

Lower back Box jumps 34 605.6 260.7% 35495.1
Drop jumps 19 472.6 37.6% 23 258.1

Counter-movement jumps - with arms 14 672.9 30.5% 17 480.9
Counter-movement jumps - no arms 14 420.1 27.6% 17933.4

Continuous jumps - Scm 29372.4 77.8% 32 600.8

Continuous jumps - 15cm 27 544.5 262.6% 31844.0

Forward jumps - landing 28 387.9 27.4% 34591.7

Forward jumps - take off 44 789.3 778.0% 46 006.1

Side hops - legs apart 36393.4 249.1% 37739.2

Side hops - legs together 29 191.1 89.4% 331915

Hip Box jumps 23401.3 179.3% 239113
Drop jumps 14 560.6 26.9% 17 067.5

Counter-movement jumps - with arms 12 587.2 24.1% 16 706.0
Counter-movement jumps - no arms 12 555.6 24.8% 16 428.8
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Vertical

Ankle

Lower back

Hip

Continuous jumps - Scm
Continuous jumps - 15cm
Forward jumps - landing
Forward jumps - take off
Side hops - legs apart
Side hops - legs together
Box jumps

Drop jumps

Counter-movement jumps - with arms
Counter-movement jumps - no arms

Continuous jumps - Scm
Continuous jumps - 15cm
Forward jumps - landing
Forward jumps - take off
Side hops - legs apart
Side hops - legs together
Box jumps

Drop jumps

Counter-movement jumps - with arms
Counter-movement jumps - no arms

Continuous jumps - S5cm
Continuous jumps - 15cm
Forward jumps - landing
Forward jumps - take off
Side hops - legs apart
Side hops - legs together
Box jumps

Drop jumps

Counter-movement jumps - with arms
Counter-movement jumps - no arms
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26 036.5
23017.0
32189.6
36 804.5
25584.9
26 357.9
592813
273127
30942.8
25899.5
31058.3
45469.9
22 588.6
69 027.4
53 589.0
351215
45 844.7
23374.4
18 814.3
16 583.3
32428.2
34133.2
311993
54 424.9
46 398.1
35456.0
29439.0
18 768.7
13715.5
12 560.1

68.1%
283.9%
31.3%
715.7%
179.3%
76.9%
457.1%
54.6%
67.8%
52.4%
91.5%
412.3%
29.6%
1542.7%
392.4%
125.0%
347.4%
46.0%
41.4%
35.9%
89.5%
284.1%
52.5%
1173.6%
303.9%
113.9%
222.0%
35.0%
28.3%
24.7%

29493.1
27 685.4
371322
39015.6
27267.6
30234.0
59 649.2
30901.3
35649.2
30677.0
33287.0
49 169.7
29939.0
69 494.7
54 024.4
37542.8
46 582.6
26 526.0
21632.4
202319
34613.2
38290.8
38 839.0
55100.3
47396.5
382242
30490.5
22 060.4
16 480.7
15953.6



Continuous jumps - Scm
Continuous jumps - 15cm
Forward jumps - landing
Forward jumps - take off
Side hops - legs apart
Side hops - legs together

28 608.9
24 555.1
341772
38996.2
324932
30085.5

74.9%
186.2%
179.5%
862.2%
215.5%

86.8%

31686.9
28 554.8
41055.5
40316.0
34364.2
33 986.6

Abbreviations: MAE, mean absolute error; MAPE, mean absolute percent error; pGRF, peak ground reaction force; pLR, peak loading rate; RMSE, root

mean square error
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Veras L, Diniz-Sousa F, Boppre G, Resende-Coelho A, Oliveira J, Fonseca H.
Accelerometer-Based Classification of Walking, Running, and Jumping: A Machine
Learning Approach for Mechanical Loading Assessment. Submitted to: Sensors
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Abstract: Accurate measurement of mechanical loading during physical activities is cru-
cial for developing effective bone health interventions. While accelerometers offer prom-
ise for measuring these loads in free-living conditions, current prediction models typically
require prior activity identification. This study aimed to develop and validate classifica-
tion models for differentiating between walking, running, and jumping activities using
accelerometer data. Forty-eight healthy adults performed a series of walking, running,
and jumping tasks while wearing ActiGraph GT9X Link accelerometers on the ankle,
lower back, and hip. Three machine learning algorithms (Random Forest, Support Vector
Machine, and K-Nearest Neighbors) were developed and validated using multiple per-
formance metrics. All algorithms demonstrated excellent classification performance
across accelerometer placements, with percent agreement ranging between 93.8% and
97.7%, ROC-AUC values consistently above 0.97, and Kappa coefficients exceeding 0.89.
These findings indicate that accelerometer-based activity classification is a reliable ap-
proach for distinguishing between walking, running, and jumping activities, providing a
foundation for the accurate application of activity-specific mechanical loading prediction
equations in free-living conditions.

Keywords: accelerometer; activity recognition; mechanical loading; validation; machine
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Accurately measuring these forces during daily activities and exercise is crucial for
developing and monitoring effective bone health interventions [8]. While force plates re-
main the gold standard for measuring ground reaction forces [9], accelerometers have
emerged as a promising alternative for measuring mechanical loading in free-living con-
ditions [10—13]. However, current accelerometer-based prediction models typically re-
quire prior identification of the type of activity being performed, as different movement
patterns produce distinct force profiles that necessitate specific prediction models [14].
This activity-dependent approach limits the practical application of these models in real-
world settings, where individuals perform various activities throughout the day without
systematic classification.

A potential solution to overcome this limitation is the use of models to automatically
identify and classify activities from accelerometer data [15,16]. While various activity
recognition approaches have been developed and validated in the literature, they typi-
cally focus on distinguishing between broad categories of movement (e.g., sitting, stand-
ing, walking) or common activities of daily living (e.g., household chores, stair climbing)
[17,18]. Currently, there is a lack of classification models specifically designed to differen-
tiate between the types of movements most relevant for mechanical loading and bone ad-
aptation, such as walking, running and jumping. Such a targeted classification model
would enable the appropriate application of activity-specific prediction equations,
thereby improving the accuracy of mechanical loading assessment in free-living condi-
tions. Therefore, this study aimed to develop and validate classification models capable
of accurately differentiating between walking, running, and jumping activities using only
accelerometer data, to enable the appropriate application of activity-specific mechanical
loading prediction equations.

2. Materials and Methods
2.1. Participants

A total of 48 participants (26 males, 22 females) were recruited via convenience sam-
pling for this study. Sample characteristics were (X + SD): age (29.0 + 8.3 years), height
(169.3 8.7 cm), body mass (69.7 + 11.6 kg), and body mass index (24.2 + 3.0 kg-m~2). Study
recruitment was conducted through email distribution within the University of Porto's
academic network, detailing study aims, experimental procedures, and participation re-
quirements. Physical measurements were obtained using standardized equipment: height
was measured with a Seca stadiometer (model 213, Hamburg, Germany), while body
mass was determined using a Seca digital weighing scale (model 899, Hamburg, Ger-
many). To be eligible for participation, individuals needed to be between 18 and 65 years
old and physically capable of completing the experimental protocol, which encompassed
walking, running, and jumping tasks. Individuals were excluded if they reported any
musculoskeletal disorders, cardiovascular conditions, or other health issues that could
compromise their ability to safely perform the required activities. Prior to participation,
all volunteers received detailed information about the study procedures and provided
their written informed consent. The research protocol received approval from the local
Ethics Committee (reference: CEFADE 15-21).

2.2. Protocol
The experimental procedures were performed at LABIOMEP-UP (Porto Biomechan-
ics Laboratory). Participants were equipped with three ActiGraph GT9X Link accelerom-

eters (ActiGraph, Pensacola, FL, USA), configured at 100 Hz sampling frequency with a
+16 g range. Each of the d?(z)iées was placed on a different body position: one on the
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anterior axillary line at iliac crest height (right hip), another at the midpoint between the 88
posterior superior iliac spines (lower back), and a third just above the lateral malleolus 89
(right ankle). The selection of waist-level positions (hip and lower back) was based on 90
their proximity to the body's center of mass, enabling comprehensive movement assess- 91
ment. To ensure proper device fixation, the waist-mounted accelerometers were attached 92
using clips on an elastic belt, while the ankle unit was secured using a combination of 93
adhesive tape and an elastic strap. Research staff personally supervised and verified the 94
correct positioning and orientation of all devices on each participant. 95
The GT9X Link devices contain two triaxial accelerometers: a primary sensor with +8 96
g range and proprietary filtering, and a secondary sensor with +16 g range providing un- 97
filtered data. For this study, we exclusively utilized data from the secondary accelerome- 98
ter to maximize measurement precision and study reproducibility by avoiding potential 99
filtering effects. Raw acceleration data along the x, y, and z axes were processed and ex- 100
tracted using ActiLife software (version 6.13.3; ActiGraph, Pensacola, USA). All accelera- 101
tion measurements were expressed in gravitational units, where 1¢ equals 9.807 m-s. 102
To facilitate activity labeling during data processing, a video camera was positioned 103
perpendicular to the movement path, at the midpoint of the laboratory's main corridor at 104
about 100cm from the floor. This fixed camera position provided a sagittal plane view of 105
the main laboratory path, allowing clear identification and verification of activity types 106
and transitions during the data processing. Views from this camera can be seen in the 107
Video S1. 108

2.3. Data processing 109

The activity data labeling process was performed using custom MATLAB scripts 110
(version 2024b; MathWorks, Natick, MA, USA). This procedure involved visual inspection 111
of the acceleration signals alongside video recordings. The video footage, captured from 112
the fixed camera position in the laboratory's main corridor, served as a reference to accu- 113
rately identify and verify each activity bout, as mentioned previously. Researchers man- 114
ually identified the beginning and end of each activity segment using an interactive 115
graphical interface that displayed the resultant acceleration signal, with the video 116
timestamps helping to ensure precise temporal segmentation of the activities. The seg- 117
mented data were then exported as separate files containing the raw triaxial acceleration 118
values (x, y, and z axes) for each activity trial. 119

Feature extraction from the accelerometer signals was performed using the R soft- 120
ware (version 4.3.2; R Foundation for Statistical Computing, Vienna, Austria). For each 121
activity trial, both time- and frequency-domain features were computed using a 1-second 122
sliding window of the triaxial acceleration data. For each acceleration axis (x, y, z), time- 123
domain features included basic statistical measures (mean, standard deviation, coefficient 124
of variation), distribution characteristics (skewness, kurtosis), percentile values (mini- 125
mum, 25th percentile, median, 75th percentile, maximum), and amplitude-related metrics 126
(mean and standard deviation of the signal magnitude). Similarly, frequency-domain fea- 127
tures were calculated independently for each axis using Fast Fourier Transform (FFT), 128
comprising dominant frequency, dominant magnitude, total power, and median fre- 129
quency. Additionally, cross-axis correlations were computed between all pairs of axes (xy, 130
xz, yz). Lastly, for the orientation features (roll, pitch, yaw), the acceleration signals were 131
first preprocessed using a 2nd-order Butterworth low-pass filter with a 1 Hz cutoff fre- 132
quency, implemented using zero-phase digital filtering to prevent phase distortion. This 133
process resulted in a comprehensive set of 54 features per activity segment that captured 134
both the temporal and spectral characteristics of the movements. 135
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2.4. Statistical analyses 138

Three supervised machine learning algorithms were implemented to classify the ac- 139
tivities: Random Forest (RF), Support Vector Machine (SVM) with radial basis function 140
kernel, and K-Nearest Neighbors (KNN). The RF algorithm is an ensemble learning 141
method that combines multiple decision trees to handle complex movement patterns [20]. 142
SVM with radial basis function kernel creates optimal boundaries to separate different 143
activity classes [21]. KNN classifies activities based on their similarity to known samples 144
[22]. These algorithms were selected for their strengths in handling non-linear relation- 145
ships, creating clear activity distinctions, and recognizing movement patterns in accel- 146
erometer data [23]. The dataset was split into training (80%) and testing (20%) sets using 147
stratified sampling to maintain class proportions. Prior to model training, features were 148
preprocessed through standardization (centering and scaling of all predictors) and re- 149
moval of predictors with near-zero variance (variables that showed minimal variation 150
across observations and thus provided little discriminative value). Model hyperparame- 151
ters were optimized using a grid search approach with 5-fold cross-validation on the train- 152
ing set. For the RF model, we tuned the number of randomly selected predictors, and the 153
minimum number of data points required for a node split, while fixing the number of 154
trees at 500. The SVM model's cost parameter and kernel bandwidth were tuned, while 155
for the KNN model, the number of neighbors was optimized. For each model, 10 different 156
hyperparameter combinations were evaluated. 157

Model performance was assessed using multiple metrics: accuracy, area under the 158
receiver operating characteristic curve (ROC-AUC), percent agreement, and Cohen's 159
Kappa coefficient. These metrics were calculated both for overall classification perfor- 160
mance and for each activity individually using a one-versus-all approach. All analyses 161
were performed separately for each accelerometer placement (ankle, lower back and hip) 162
using R (version 4.3.2) with the tidymodels framework for machine learning (version 163

1.2.0). 164
165
3. Results 166

All three machine learning algorithms demonstrated excellent classification perfor- 167
mance across all accelerometer placements (ankle, lower back, and hip) and activities 168
(walking, running, and jumping). Classification accuracy metrics for each model across 169
all accelerometer placements can be found on Table 1. The overall percent agreement 170
ranged from 93.8% to 97.7%, with ROC-AUC values consistently above 0.97 and Kappa 171
coefficients exceeding 0.89, indicating robust classification capability regardless of the 172
specific algorithm or sensor placement chosen. 173

The ankle-mounted accelerometer demonstrated marginally superior overall perfor- 174
mance, with KNN achieving the highest accuracy (97.7% agreement, ROC-AUC=0.991,x 175
=0.961), followed by RF (96.8% agreement, ROC-AUC = 0.996, x = 0.945), and SVM (95.9% 176
agreement, ROC-AUC = 0.996, k = 0.930). For the lower back placement, RF showed the 177
best performance (95.9% agreement, ROC-AUC = 0.994, « = 0.930), followed closely by 178
SVM (95.7% agreement, ROC-AUC = 0.993, « = 0.926), and KNN (93.8% agreement, ROC- 179
AUC = 0971, x = 0.895). Hip-mounted accelerometers maintained similar high-perfor- 180
mance levels, with SVM achieving the highest accuracy (95.3% agreement, ROC-AUC = 181
0.993, k = 0.920), followed by RF (94.7% agreement, ROC-AUC = 0.989, x = 0.909), and 182
KNN (94.0% agreement, ROC-AUC = 0.981, k = 0.899). 183
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Table 1. Accuracy indices of machine learning algorithms for walking, running and jumping activ-
ities classification across different accelerometer placements. Cell’s background is colored in gray-

scale, where darker cells represent higher accuracy values.

Machine Learning Algorithm Accelerometer Placement Percent Agreement ROC-AUC Kappa

Random Forest

Support Vector Machine

K-Nearest Neighbors

Ankle 96.80% 0.945
Lower Back 95.90% 0.93

Hip 94.70% 0.989 0.909

Ankle 95.90% 0.93
Lower Back 95.70% 0.926
Hip 95.30% 0.92
Ankle

Lower Back 93.80% 0.971 0.895
Hip 94.00% 0.981 0.899

Abbreviation: ROC-AUC, receiver operating characteristic area under the curve.

Table 2 contains the same classification performance metrics for each model across
all accelerometer placements, but specifically for each activity. When examining specific
activities, all three algorithms demonstrated great performance in classifying walking ac-
tivities. Very high and similar accuracy was achieved by KNN with ankle placement
(98.2% agreement, ROC AUC =0.995, « = 0.960) and RF with lower back placement (98.4%
agreement, ROC AUC = 0.999, k = 0.965). SVM showed consistent performance across all
placements, with agreement rates around 97%.

Running activities were also classified with high accuracy across all algorithms and
placements with KNN with ankle placement showing the best performance (98.7% agree-
ment, ROC AUC = 0.985, k = 0.943). Random Forest and SVM demonstrated similar per-
formance levels, with agreement rates ranging from 96.0% to 97.7%. The hip placement
showed slightly lower but still acceptable performance compared to ankle and lower back
placements.

Jumping activities were also classified with high accuracy, particularly by the ankle-
mounted accelerometer. KNN achieved the highest accuracy with ankle placement (98.6%
agreement, ROC AUC =0.996, k =0.972). Random Forest and SVM showed strong perfor-
mance as well, with agreement rates consistently above 95%. The hip placement demon-
strated slightly lower accuracy compared to ankle and lower back placements, but still
maintained agreement rates above 94%. These consistently high accuracy levels across all
activities and placements suggest that these models could be reliably implemented in real-
world applications for activity recognition and monitoring.

Analysis of the confusion matrices revealed that each algorithm demonstrated iden-
tical classification patterns across all three accelerometer placements, as can be seen in
Table 3. The RF models showed exactly the same performance for all placements, correctly
classifying 480 walking instances (96.8% of the cases), 163 (91.1%) running instances, and
799 (94.3%) jumping instances, with identical misclassification patterns (39 jumping in-
stances misclassified as running, 14 running instances as jumping). Similarly, SVM main-
tained consistent performance across all placements, with 480 (94.5%) correct walking
classifications, 185 (91.1%) correct running classifications, and 786 (96.9%) correct jumping
classifications in each case. The KNN algorithm, which also showed identical results re-
gardless of placement, correctly identified 482 (91.6%) walking instances, 185 (88.5%) run-
ning instances, and 764 (97.1%) jumping instances at all locations. Across all algorithms
and placements, walking activities showed the highest classification stability with
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minimal misclassifications, while the majority of classification errors occurred in distin- 224
guishing between running and jumping activities. This identical performance across 225
placements suggests that the classification challenges were inherent to the movement pat- 226
terns rather than sensor location-dependent. 227
Table 2. Accuracy indices of machine learning algorithms for walking, running and jumping activ- 228
ities classification across different accelerometer placements and activities. Cell’s background is col- 229
ored in grayscale, where darker cells represent higher accuracy values. 230
Machine Learning Algorithm Accelerometer Placement  Activity Percent Agreement  ROC-AUC Kappa

Random Forest

Support Vector Machine

K-Nearest Neighbors

Ankle Walking
Running
Jumping
Lower Back Walking
Running
Jumping
Hip Walking
Running
Jumping
Ankle Walking
Running
Jumping
Lower Back Walking
Running
Jumping 96.60%
Hip Walking
Running
Jumping 95.90%
Ankle Walking
Running
Jumping
Lower Back Walking

Running

Jumping 94.70% 0.969 0.894

Hip Walking
Running

Jumping

Abbreviation: ROC-AUC, receiver operating characteristic area under the curve.

To ensure reproducibility and facilitate implementation of our findings, both the fea-
ture extraction code and the trained classification models have been made publicly avail-
able at https://github.com/verasls/activity recognition. The repository includes detailed
documentation for implementing the processing pipeline and using the pre-trained mod-

els for activity classification.
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Table 3. Confusion matrix for activity classification for each machine learning algorithm. Diagonals
represent the correct classification and are highlighted in bold. All classification scores are equal
across all accelerometer placements within the same algorithm.
Observed
Machine Learning Algorithm Predicted
Walking Running Jumping
. 480 6 10
Random Forest Walking (96.8%) (1.2%) (2.0%)
Running 2 163 14
(1.1%) (91.1%) (7.8%)
. 9 39 799
Jumping (1.1%) (4.6%) (94.3%)
Support Vector Machine Walking ( 9:85(1 %) ( 1.5% ) ( 329(1 %)
Running 1 185 17
(0.5%) (91.1%) (8.4%)
Jumping 10 15 786
(1.2%) (1.8%) (96.9%)
. . 482 9 35
K-Nearest Neighbors Walking (91.6%) (1.7%) (6.7%)
Running 0 185 24
(0.0%) (88.5%) (11.5%)
. 9 14 764
Jumping (1.1%) (1.8%) (97.1%)

Data shown as n (%). Percentage values were calculated per row.

4. Discussion

This study aimed to develop and validate classification models capable of accurately
differentiating between walking, running, and jumping activities using accelerometer
data, to enable the appropriate application of activity-specific mechanical loading predic-
tion equations. Three supervised machine learning algorithms (RF, SVM, and KNN) were
implemented and validated using multiple performance metrics. Our results demon-
strated that all three algorithms achieved excellent classification accuracy across all accel-
erometer placements and activities, with percent agreement ranging from 93.8% to 97.7%,
ROC-AUC values consistently above 0.97, and Kappa coefficients exceeding 0.89. The an-
kle-mounted accelerometer showed marginally superior overall performance, with KNN
achieving the highest accuracy, though all placements and algorithms demonstrated ro-
bust classification capability. These findings indicate that accelerometer-based activity
classification is a reliable approach for distinguishing between walking, running, and
jumping activities, providing a foundation for the accurate application of activity-specific
mechanical loading prediction equations.

Our classification models demonstrated remarkably high accuracy across different
accelerometer placements and activities, with only marginal differences between algo-
rithms. The RF, SVM, and KNN algorithms all achieved overall agreement rates above
93%, with minimal variations in performance that are not practically meaningful. All ma-
chine learning models achieved slightly superior results using ankle-worn accelerometers,
with a 97.7% percent agreement for KNN, 96.8% for RF and 95.9% for SVM. These minimal
differences suggest that any combination of algorithm and placement could be effectively
implemented.
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When analyzing specific activities, walking classifications showed the highest stabil- 268
ity across all algorithms and placements, with agreement rates consistently above 95%. 269
Running activities were classified with similarly high accuracy, particularly by KNN with 270
ankle placement (98.7% agreement), though the hip placement showed marginally lower 271
performance compared to ankle and lower back placements. For jumping activities, while 272
maintaining high accuracy levels above 94% across all conditions, the ankle-mounted ac- 273
celerometer demonstrated particularly strong performance, with KNN achieving 98.6% 274
agreement. The consistency in performance across different placements suggests that the 275
classification challenges were inherent to the movement patterns rather than being sensor 276
location-dependent [18,24]. This was expected, as different movement patterns produce 277
distinct force and acceleration profiles, which is why mechanical loading prediction mod- 278
els are typically activity-specific [14,25]. While the ankle placement showed a slight ad- 279
vantage in overall accuracy, these differences were not substantial enough to preclude the 280
use of any placement location. 281

Examining the performance by activity type, our models showed consistently high 282
accuracy across all activities, with only minor variations between them. Walking was very 283
accurately classified across all models and placements, with percent agreement ranging 284
from 95.7% to 98.4% and ROC-AUC values above 0.992. This high accuracy for walking 285
can be attributed to its distinctive rhythmic pattern and acceleration magnitude that 286
clearly differentiates it from both static activities and higher-intensity movements [26,27]. 287
Running classification showed similarly high accuracy, with percent agreement ranging 288
from 96.0% to 98.7% across placements and models. The main challenge in running clas- 289
sification appeared in its occasional misclassification as jumping, particularly when using 290
the hip placement (14 to 24 misclassified instances). This confusion likely occurs due to 291
the similar impact characteristics of these activities, such as their high magnitude and fre- 292
quency [28,29]. Jumping activities also showed high classification accuracy (94.6% to 293
98.6% agreement). The confusion matrices reveal that jumping was most commonly mis- 294
classified as running, with 39 instances in the RF model and 14-15 instances in the SVM 295
and KNN models. This misclassification pattern was consistent across all accelerometer 296
placements, suggesting that the challenge lies in the inherent similarity of the movement 297
patterns rather than sensor location [30]. The ankle placement showed marginally better 298
discrimination between jumping and running activities, likely due to an ability to better 299
capture the distinct landing mechanics of jumps versus running strides [31]. 300

Our results can be compared with several previous studies that used similar meth- 301
odologies for activity classification. Bach et al. (2022) [17] used a dual accelerometer setup 302
(lower back and thigh) with an extreme gradient boosting classifier to detect sitting, stand- 303
ing, lying, walking, running, and cycling during free-living conditions. Their dual-accel- 304
erometer setup achieved up to 96% accuracy, while their single thigh and back accelerom- 305
eter setups achieved up to 93% and 84% accuracy, respectively. In comparison, our models 306
achieved similar accuracies (93.8-97.7%) but with single accelerometer placements, sug- 307
gesting that our approach might be more efficient as it eliminates the need for multiple 308
sensors. Chong et al. (2021) [15] used a single hip-worn accelerometer to classify activities 309
including lying, standing, walking, jogging, cycling, and various daily activities, testing 310
artificial neural networks, SVM, and RF algorithms. For the hip placement, which allows 311
direct comparison with our study, their models achieved accuracies between 86.9% and 312
88.0%, while our hip-placed models achieved 94.0-95.3% accuracy across all three algo- 313
rithms, representing a consistent improvement. Nunavath et al. (2021) [32] employed deep 314
learning approaches (deep feed-forward neural network and deep recurrent neural net- 315
work) with both wrist-worn and hip-worn accelerometers to classify various activities in- 316
cluding lying, sitting, standing, walking, running, and other daily activities. For the hip- 317
worn setup classifying wallgfl;@and running activities, they achieved accuracies between 318
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84.89% and 89.31%, while our machine learning approaches achieved 94.0-95.3% accuracy 319
for the same placement, suggesting that simpler algorithms might be more effective for 320
this specific classification task. 321

The current study presents several key methodological strengths. First, while each 322
model requires only a single accelerometer to function, we validated our approach across 323
three different placements (ankle, lower back, and hip), achieving consistently high accu- 324
racy across all locations. This multi-placement validation is particularly valuable as it al- 325
lows researchers to select the most appropriate placement for their specific needs [33], 326
making our models compatible with existing datasets and studies that may have used 327
different sensor locations. Second, our focus on walking, running, and jumping activities 328
was specifically designed to address the needs of bone health research, as these activities 329
are consistently shown to promote positive skeletal adaptations and are widely prescribed 330
in bone health interventions [4,34]. The high classification accuracy achieved for these par- 331
ticular activities (>94% agreement across all activities) enhances the models' utility for 332
monitoring and prescribing bone-targeted exercise interventions. Third, the robust per- 333
formance across different machine learning algorithms (RF, SVM, and KNN) and accel- 334
erometer placements demonstrates the reliability and stability of our approach, with all 335
combinations achieving above 93% agreement. Finally, to ensure practical implementa- 336
tion of our findings, we have made available both the feature extraction code and the 337
trained classification models. This open availability of the complete analysis pipeline sig- 338
nificantly facilitates the direct application of our methods in future research and clinical 339
practice, addressing a common limitation in machine learning studies in which methods 340
are often not readily implementable by other researchers. 341

The activity classification models developed in this study open important practical 342
applications, particularly when integrated with previously developed mechanical loading 343
prediction equations [10,11,13,28,29]. By accurately identifying specific activities, these 344
models address a critical limitation in mechanical loading assessment, as applying equa- 345
tions without distinguishing between activity types can lead to significant prediction er- 346
rors — for instance, using walking-based equations for running or jumping activities could 347
substantially underestimate peak forces and loading rates due to the distinct biomechan- 348
ical characteristics of each movement [35,36]. Our models enable the appropriate applica- 349
tion of activity-specific equations to free-living data through automated activity classifi- 350
cation, allowing accurate prediction of mechanical loading variables such as ground reac- 351
tion forces and loading rates, which are key determinants of bone adaptation [37,38]. 352

This integration provides a comprehensive method to monitor both the type and me- 353
chanical load characteristics of physical activities in free-living conditions. Such capability 354
has significant implications for bone health monitoring, as it allows researchers and clini- 355
cians to precisely quantify the osteogenic potential of daily activities by combining infor- 356
mation about movement patterns and their associated mechanical loads [39], for which 357
there is currently no available tool. In exercise prescription and rehabilitation, this method 358
could also help ensure that patients receive adequate bone-stimulating forces while avoid- 359
ing excessive loads that might increase injury risk [40,41]. For instance, clinicians could 360
monitor not only if a patient is performing the prescribed activities (e.g., walking versus 361
running), but also track the cumulative mechanical loading throughout the day [42]. How- 362
ever, considerations for real-world implementation include the need of strategies for man- 363
aging data collection and processing in large-scale studies, and the development of user- 364
friendly interfaces for clinicians and researchers who may not have programming exper- 365
tise. 366

Some limitations should also be acknowledged. First, while our sample size of 48 367
participants was adequate for model development and validation, it may not fully capture 368
the variability in movemen’gI plaéterns across different populations. Future studies should 369



Sensors 2025, 25, x FOR PEER REVIEW 10 of 13

validate these models in larger and more diverse cohorts, particularly including partici- 370
pants with greater variability in age, body mass, and pathologies, as these factors are 371
known to influence model performance [43]. Second, although our protocol included var- 372
ious activities performed in a semi-controlled environment, it may not completely repre- 373
sent the complexity and variability of movements in free-living conditions. Despite in- 374
structing participants to perform activities naturally, the laboratory setting might have 375
influenced their movement patterns. Therefore, future research should validate these 376
models during extended periods of free-living activities to ensure their reliability in real- 377
world conditions. 378

In conclusion, this study successfully developed and validated machine learning 379
models capable of accurately classifying walking, running, and jumping activities using 380
accelerometer data from a single sensor. The high classification accuracy achieved across 381
different algorithms (RF, SVM, and KNN), accelerometer placements (ankle, lower back, 382
and hip), and activities (walking, running and jumping) demonstrates the robustness and 383
reliability of our approach. The consistent performance across different sensor locations 384
provides researchers flexibility in choosing the most appropriate placement for their spe- 385
cific needs. When combined with previously developed mechanical loading prediction 386
equations, these models enable the comprehensive assessment of both activity types and 387
their associated mechanical loads during free-living conditions. This integration repre- 388
sents a significant advancement in the objective monitoring of bone-targeted exercise in- 389
terventions, offering researchers and clinicians a practical tool for quantifying the osteo- 390
genic potential of daily activities. 391
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4.1. General discussion

This thesis was structured to achieve two main objectives. The first was to
develop and validate accelerometer-based mechanical loading prediction equations
for walking, running, and jumping activities and to test the external validation of
existing mechanical loading prediction equations. The second objective was to
develop and validate activity classification algorithms capable of accurately
differentiating these activities using only accelerometer data. By addressing these
two key aims, this thesis sought to advance the field of accelerometer-based
mechanical loading assessment, enhancing the accuracy and practical applicability

of these methods for monitoring mechanical loading in free-living conditions.

The first two studies focused on developing and validating accelerometer-
based prediction equations for estimating peak ground reaction forces and peak
loading rates during walking, running, and jumping activities. These studies
demonstrated that peak ground reaction forces could be accurately predicted using
accelerometer data from the ankle, lower back, and hip. However, the peak loading
rate prediction equations yielded much lower accuracies, highlighting the challenge
of capturing the rapid changes in force that occur during high-impact activities using
accelerometers with relatively low sampling frequencies [41]. Despite this limitation,
the development of these prediction equations represents a significant step forward
in the field of accelerometer-based mechanical loading assessment, as they enable
the estimation of key loading parameters during a wide range of activities known to
stimulate bone adaptation [9].

The third study provided the external validation of existing prediction
equations by applying them to a new sample and testing conditions, revealing
substantial variability in prediction accuracy across different equations and activities.
This study emphasized the importance of considering population-specific factors,
such as age, sex, and body composition, and movement-specific tasks, such as
freely walking and running at different speeds and jumps at various heights and
directions, when applying prediction equations developed in other cohorts [47,48].
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These findings have important implications for using accelerometer-based methods
in research and clinical settings, as they underscore the need for careful selection
and validation of prediction equations based on the characteristics of the target
population and the activities of interest [35,47].

The fourth study developed and validated activity classification models for
differentiating between walking, running, and jumping activities using accelerometer
data, achieving high classification accuracy across all accelerometer placements.
This study addressed a critical gap in the field, as previous research has primarily
focused on developing accelerometer-based mechanical loading prediction
equations tailored to specific activities [29-32,38,39,147]. This was essential to
achieve acceptable levels of accuracy, as the relationship between acceleration and
ground reaction force varies with the movement being performed [35]. However, the
practical application of these prediction equations in free-living conditions has been
limited due to the lack of a reliable method to classify these activities outside
laboratory settings accurately [41,132]. By demonstrating the feasibility of accurately
classifying bone-loading activities using accelerometer data, this study lays the
foundation for applying activity-specific prediction equations in real-world settings,
where individuals engage in various activities throughout the day. Integrating activity
classification models with mechanical loading prediction equations represents a
powerful approach for assessing the mechanical loading experienced by the
skeleton, which is a key determinant of bone health [9,69].

The first and second studies recruited more diverse samples than previous
research [29-31,38], which aimed to develop more robust and generalizable
prediction equations. However, as demonstrated by the third study, the external
validation of these equations revealed substantial variability in prediction accuracy
across different populations and activities, emphasizing the need for further
refinement of these methods. Additionally, these studies included a wide range of
activities, such as walking, running, and jumping, among the most commonly

prescribed exercises for improving bone health [16,17,54].
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Study 1 yielded excellent results for ground reaction force prediction during
walking and running, with errors of less than 7%, while loading rate prediction was
noticeably worse, with prediction errors of around 19%. These models generally
performed well when compared to previous literature [30,31]. The ground reaction
force prediction models for walking and running showed similar accuracy to the best
results from Fortune et al. (2014) [31], which had errors of around 6.5% for walking
only and outperformed the accuracy achieved by Neugebauer et al. (2014) [30] of
approximately 8%. Moreover, the loading rate prediction models from Study 1 were
better than those obtained by Fortune et al. [31], whose best results had errors of

approximately 25% for walking only.

The superior results compared to previous literature can be attributed to our
substantially larger sample of 131 subjects in Study 1, in contrast to the 10 subjects
in Fortune et al. (2014) [31] and 39 in Neugebauer et al. (2014) [30]. Furthermore,
Study 1 tested 13 speeds between walking and running and utilized data from
multiple strides at each speed. Fortune et al. (2014) [31] used data from 1 to 5 steps
per trial and measured 8 to 10 trials of walking at varying speeds. Although
Neugebauer et al. (2014) [30] used more trials than our study (8-10 walking and 8-
10 running trials), they only used data from a single step per trial. As the models
from our Study 1 were trained with a considerably larger number of data points, they
could more comprehensively capture the relationship between acceleration and

ground reaction forces during walking and running, resulting in better estimates.

Study 2 achieved lower accuracy for ground reaction force and loading rate
prediction during jumping compared to the prediction models for walking and
running. The overall results for jumping ground reaction force prediction produced
around 14% error, while jumping loading rate prediction showed lower accuracy, with
prediction errors of around 22%. We hypothesize that this is due to the more variable
movement patterns in jumping and the inclusion of several different types and
heights of jumps in a diverse sample in terms of body composition and motor skills.
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When testing the accuracy of the mechanical loading prediction models in a
different sample for external validation in Study 3, the prediction equations from
Study 1 for walking showed unacceptable errors, reaching 80% for ground reaction
force prediction and 120% for loading rate prediction. In contrast, when tested in this
external sample, equations from Neugebauer et al. (2014) [30] had walking ground
reaction force prediction errors of just around 10%. For running prediction, models
from Study 1 presented errors of around 12%, while Neugebauer et al. (2014) [30]
prediction errors were around 11%, showing very similar results. A possible
explanation for the inflated errors in mechanical loading prediction during walking
with the equations from Study 1 is that a large portion of this study's walking sample
comprised patients with class II-lll obesity, which may not have generalized well to
the external validation sample from Study 3, mainly consisting of individuals with
body mass index classified as normal. This issue did not affect the mechanical
loading prediction equations during running, as most patients with obesity did not
perform the running trials due to physical limitations, resulting in a running sample
more similar to the characteristics of the external validation sample from Study 3.
This confirms previous reports in the literature that accelerometer-based prediction
equations must be applied to samples with characteristics similar to those of their
original study to achieve better prediction accuracy [47,48].

The jumping mechanical loading prediction equations from Study 2 showed
lower accuracy in the external validation sample of Study 3, which was expected
[47,48]. However, the difference in prediction accuracy was minimal, particularly for
predictions based on data from lower back- or hip-worn accelerometers, where the
prediction errors increased from around 13% in the original study (Study 2) to around
16% in the external validation study (Study 3). This is remarkable, as Study 3
included types of jumps that were not included in the original validation study,
demonstrating the generalizability of the findings from Study 2, especially for the
lower back and hip accelerometer placements.
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The machine learning algorithms for activity classification developed in Study
4 showed very high classification accuracy across all accelerometer placements and
machine learning algorithms, with all results above 90% accuracy
[133,134,143,144]. These results are comparable to the highest classification
accuracy found in the literature but are tailored to classify the most commonly
recommended activities for bone health improvement. These models are particularly
useful in this context, especially when combined with the mechanical loading
prediction models.

One of the key strengths of the studies that form this thesis is the inclusion of
multiple accelerometer placements, namely at the ankle, lower back, and hip, and
the validation of prediction equations and classification models across these different
sensor locations. This comprehensive approach allows for the comparison of model
performance across different body sites. It allows researchers to choose the most
appropriate placement for their specific research questions or practical constraints
[142]. For example, hip-worn accelerometers have been widely used in large-scale
epidemiological studies and are often preferred for long-term monitoring due to their
comfort and unobtrusiveness [37,125].

Another strength of this thesis is the use of advanced statistical methods and
machine learning techniques for developing and validating prediction equations and
classification models, reflecting an advance regarding regression methods
frequently used in the literature. The first two studies employed linear mixed models,
which account for the hierarchical structure of the data (i.e., multiple observations
per participant) and allow for the inclusion of both fixed and random effects [160].
This approach has been shown to provide more accurate and precise estimates
compared to traditional regression models, particularly when dealing with repeated
measures data [161]. The fourth study utilized a range of machine learning
algorithms, including random forests, support vector machines, and k-nearest
neighbors, which have demonstrated high performance in classification tasks [162—
164].
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Despite the contributions of this thesis to the field of accelerometer-based
mechanical loading assessment, it is important to acknowledge certain limitations.
One of the main limitations is the low accuracy of the peak loading rate prediction
equations, which may not be sufficiently reliable for use in clinical or research
settings. This is particularly concerning, given the importance of loading rates in
determining the osteogenic potential of mechanical stimuli [13,45,46]. High loading
rates have been shown to elicit greater bone adaptation compared to low loading
rates, even when the peak forces are similar [68]. Therefore, the ability to accurately
predict loading rates is crucial for understanding the mechanisms underlying the
relationship between physical activity and bone health and designing effective
interventions to optimize bone loading [165]. Future research should prioritize the
development of more accurate loading rate prediction equations by exploring new
signal processing techniques, which could be better suited to capturing the rapid
changes in force that occur during high-impact activities. Additionally, the use of
machine learning algorithms, such as neural networks or support vector regression,
may provide a more flexible and adaptive approach to modeling the complex
relationship between accelerometer output and loading rates [163,166]. Finally,
using accelerometers with higher sampling frequencies (e.g., 200 Hz or above) may
be necessary to fully capture the high-frequency components of the loading signal
[41].

Another limitation of the studies presented in this thesis is focusing on a
relatively narrow range of activities, primarily walking, running, and jumping. While
these activities are important for bone health and are commonly prescribed in
exercise interventions [16,17,54], they do not represent the full spectrum of
mechanical loading experienced by the skeleton during daily life [21]. Many
occupational, recreational, and household activities, such as lifting, carrying, and
stair climbing, also impose significant mechanical loads on the bones and may
contribute to the osteogenic stimulus [25,109]. Moreover, the prediction equations
developed in this thesis have not been validated for sport-specific movements, such

as side-cutting maneuvers in soccer or vertical jumps in volleyball, which are known
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to impose high mechanical loads on the skeleton [167]. To fully capture the
mechanical loading profile of an individual, it is necessary to develop and validate
prediction equations and classification models for a broader range of activities,
including both everyday daily tasks and sport-specific movements.

Despite the study's limitations, the accelerometer-based methods developed
and validated in this thesis have numerous practical applications and clinical
implications for bone health assessment, monitoring, and management. These
methods offer a continuous and objective measure of physical activity, enabling
more accurate quantification of the mechanical loading experienced by the skeleton
compared to traditional subjective methods, such as questionnaires [26,122]. By
providing detailed insights into the magnitude, frequency, and duration of
mechanical loading during various activities, the prediction equations developed in
the first and second studies can be applied to accelerometer data collected in free-
living conditions to assess an individual's daily mechanical loading profile. This
information can help researchers and clinicians better understand the relationship
between physical activity and bone health, identify individuals who may not be
engaging in sufficient bone-stimulating activities, and guide the prescription of
targeted interventions and personalized exercise recommendations to improve bone
health.

For example, the equations could be used to monitor the mechanical loading
experienced by older adults at risk of osteoporosis. By tracking daily activities and
estimating the associated ground reaction forces and loading rates, clinicians could
calculate the total mechanical loading experienced over a given period and compare
it to established thresholds for maintaining bone mass [168]. If an individual is found
to have inadequate mechanical stimulation, personalized exercise
recommendations could be provided, such as increasing the duration or intensity of
weight-bearing activities or incorporating additional high-impact exercises into their
daily routine [102,169]. This approach could help optimize exercise interventions for
bone health by ensuring that individuals receive sufficient mechanical stimulation to
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maintain or improve bone strength while minimizing the risk of overloading or injury
[18,169].

Similarly, the equations could be used to assess the mechanical loading
experienced by athletes and to optimize their training programs for bone health. This
application is particularly important, as athletes engaged in high-impact sports, such
as gymnastics, basketball, and volleyball, have been shown to have higher bone
mineral density compared to those involved in low-impact sports, such as swimming
and cycling [170,171]. By quantifying the mechanical loading experienced during
different training activities, coaches and exercise physiologists could design
programs to maximize the osteogenic potential while minimizing the risk of overuse
injuries [12,172]. However, it is essential to note that the current prediction equations
have been primarily validated for activities such as walking, running, and jumping.
Their applicability to sport-specific movements may be limited. Future research
should thereby focus on developing and validating prediction equations for a broader
range of sport-specific activities, such as cutting maneuvers and landing tasks, to
enable the effective use of these methods in athletic populations.

The activity classification models developed in the fourth study also have
important practical applications for bone health assessment. These models can
automatically identify the type of activity being performed based on accelerometer
data, allowing for the application of activity-specific prediction equations in free-living
conditions, where individuals engage in various activities throughout the day [51]. By
integrating these classification models into wearable devices or smartphone
applications, users could receive real-time feedback and personalized
recommendations based on their daily activity profile, such ting them to increase
their step count or engage in high-impact activities. This type of personalized custom
has been shown to be effective in promoting behavior change and improving health
outcomes. It could be particularly useful for individuals at risk of bone disorders who
may benefit from targeted interventions to increase their mechanical loading
[173,174].
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In research settings, the accelerometer-based methods developed in this
thesis have significant potential for investigating the effectiveness of interventions
for improving bone health and for better understanding the dose-response
relationship between mechanical loading and bone health outcomes. Researchers
can objectively assess the patient's response and optimize treatment outcomes by
quantifying mechanical loading before and after an intervention, such as a new
exercise program or medication. Furthermore, these methods can be applied in
large-scale studies to investigate the associations between different loading profiles
and bone health outcomes, such as changes in bone mineral density,
microarchitecture, and strength [10,18,28,92,109]. This type of research could help
to identify the specific loading characteristics that are most effective for promoting
bone health, such as the optimal magnitude, frequency, and duration of loading, as
well as the relative importance of different loading parameters, such as peak forces
versus loading rates [9]. Ultimately, this knowledge could inform the development of
evidence-based physical activity and exercise guidelines specifically tailored to
optimize bone health outcomes in different populations.

There are several key areas for future research and development in the
accelerometer-based mechanical loading assessment field. Firstly, there is a need
to test the existing prediction equations and classification models in diverse
populations and settings to assess their generalizability and identify potential
limitations. When existing methods do not perform adequately, new prediction
equations and classification models should be developed and validated to ensure
their applicability to the target population. This may require collecting new
accelerometer datasets designed to capture the unique loading patterns and
movement characteristics of these populations.

Secondly, future research should focus on extending the prediction equations
and classification models to a wider range of activities and loading conditions,
beyond just walking, running, and jumping. This should include the development of
equations and models for sport-specific activities, such as cutting maneuvers,
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landing tasks, and resistance exercises, which are known to impose high mechanical
loads on the skeleton [80,167]. Additionally, there is a need for prediction equations
and classification models that can accurately assess mechanical loading during
activities of daily living, such as stair climbing, lifting, and carrying. By capturing a
more comprehensive range of activities, these methods could provide a more
complete picture of an individual's mechanical loading profile and enable more
targeted interventions to optimize bone health [175].

Furthermore, future research should explore integrating accelerometer-based
methods with other technologies and data sources to provide a more comprehensive
assessment of bone health. For example, combining accelerometer data with
imaging techniques, such as dual-energy X-ray absorptiometry or high-resolution
peripheral quantitative computed tomography, could provide a more detailed
understanding of the relationship between mechanical loading and bone structure
and strength [176—178]. By combining information on the magnitude and distribution
of mechanical loading with data on bone density, geometry, and microarchitecture,
researchers could gain new insights into the mechanisms underlying bone
adaptation and identify potential targets for intervention [178]. Similarly, integrating
accelerometer data with bone metabolism biomarkers, such as bone formation and
resorption markers, could provide a more dynamic and sensitive assessment of the

bone response to mechanical loading [179].

Additionally, user-friendly tools and interfaces need to be developed to
facilitate the implementation of accelerometer-based methods in research and
clinical settings. Currently, these methods requires knowledge and expertise in data
processing, statistical analysis, and machine learning, which may limit their adoption
by researchers and clinicians who are not experts in these fields. To overcome this
barrier, future work should focus on developing automated data processing
pipelines, standardized protocols, and intuitive visualization tools to make these
methods more accessible and user-friendly. This could include the development of
software packages or web-based platforms that guide users through data collection,
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processing, and interpretation, and providing clear recommendations for action
based on the results. By making these methods more accessible and easier to use,
researchers and clinicians will be better equipped to incorporate them into their work
and to translate the findings into practical applications for bone health.

Finally, future research should investigate the potential of machine learning
and artificial intelligence techniques to improve the accuracy and efficiency of
accelerometer-based mechanical loading assessment. Machine learning algorithms,
such as deep learning neural networks and support vector machines, have shown
promising results in activity recognition and load prediction tasks using
accelerometer data [41,148,180]. These techniques can handle large and complex
datasets, learn from patterns in the data, and adapt to new situations without being
explicitly programmed [162—-164,181]. By leveraging these capabilities, researchers
could develop more sophisticated prediction equations and classification models that
can accurately assess mechanical loading across a wide range of activities and
populations, without the need for extensive manual feature engineering or model
tuning. Additionally, machine learning techniques could be used to identify novel
loading parameters or patterns that are most predictive of bone health outcomes,
beyond the isolated use of peak forces and loading rates. This type of data-driven
discovery could lead to new insights into the mechanisms of bone adaptation and

inform the development of more effective interventions for improving bone health.
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Chapter 5: Conclusion
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5.1. General conclusions and future perspectives

The findings from the original studies included in this thesis lead to the

following main conclusions:

1.

Accelerometry-based equations can accurately predict peak ground
reaction forces during walking, running, and various jumping activities.
However, peak loading rate predictions show lower accuracy than
peak ground reaction force predictions for all activities.

External validation of mechanical loading prediction equations
revealed varying accuracy and high errors, particularly for peak loading
rate, emphasizing the need to refine models by accounting for
individual biomechanical differences, accelerometer placement, and
high-impact activities to ensure reliability in real-world applications.

Using accelerometer data, machine learning models can accurately
classify walking, running, and jumping activities, enabling a
comprehensive assessment of activity types and associated

mechanical loads in free-living conditions.

The results of this thesis highlight the potential of accelerometer-based

methods for assessing mechanical loading during various physical activities.

However, they also underscore the need for further refinement and validation of

these methods, particularly in estimating peak loading rates. Future research should

focus on developing more advanced signal processing techniques and machine

learning algorithms to improve the accuracy of loading rate predictions. Additionally,

the development of user-friendly tools and platforms is essential to facilitate the

translation of these methods into clinical and research settings, ultimately

contributing to the prevention and management of bone disorders on a global scale.
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