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Chapter 1: Introduction 

 

1.1   Background 

  The musculoskeletal system is the load-bearing structure of the human body, 
withstanding gravitational and internal (e.g., muscle) forces to maintain body posture and 
produce movement [1], [2]. Consequently, it is exposed to a spectrum of potential injuries, 
ranging from overexertion [3], [4], [5] to acute [6], [7]. Medical practitioners and trainers work 
to reduce injury risk and rehabilitate injuries, in part, by monitoring musculoskeletal loads 
associated with injury risk or recovery [8], [9], [10] . These insights are then translated into 
prevention and rehabilitation protocols aimed at modulating the observed loads[11], [12]. For 
example, an athletic trainer may gradually increase the loads of an athlete rehabilitating from an 
injury while reducing the loads of a healthy athlete looking to prevent injury. This process is 
iterative, with monitored loads informing how future activity should be adjusted. In this 
dissertation, I sought to develop wearable systems that enable personalized, and effective 
monitoring or modulation of musculoskeletal load. 
1.1.1 Monitoring load with wearable sensors 

The ability to monitor musculoskeletal load offers opportunities for gaining actionable 
insights on injury prevention and treatment strategies. However, current monitoring processes 
are primarily performed through visual observation, which can be time-consuming and can 
produce inconsistent results [13]. The current gold standard for accurate and consistent 
measurement of musculoskeletal loads is through motion analysis and musculoskeletal modeling, 
a process that is typically constrained to lab environments, making it ill-suited for widespread 
monitoring in applied situations. Wearable sensors are an emerging solution that can allow for 
continuous and remote monitoring of musculoskeletal load, providing practitioners with more 
data, including data previously unavailable to them (e.g., activity performed at home) and 
allowing them to make more informed decisions. 

In recent years, the development of wearable sensor systems has significantly enhanced 
our capabilities for monitoring human movement and musculoskeletal load [14], [15], [16], [17], 
[18], [19]. Through biomechanical analyses and machine learning processes, wearable solutions 
have demonstrated accuracy in estimating forces on specific bones, muscles, or tendons. These 
advanced measurement modalities have opened new opportunities for developing long-term 
monitoring tools in settings beyond traditional motion analysis laboratories. However, despite 
their potential benefits, the translation of load-monitoring wearable sensor systems into real-
world environments has been limited.  

Currently, commercially available wearable devices can track steps or body motion 
(kinematics) but do not monitor forces (kinetics) on specific biological structures at risk of or 
recovering from injury. Key knowledge gaps must be addressed before these load monitoring 
wearable solutions can be properly used outside the lab. Critical questions relate to the accuracy 
and reliability of wearable signals during dynamic activities, how to develop accurate and well-
calibrated algorithms, the interpretation of biomechanical metrics, the necessary amount of 
sensor wear time, and the level of biomechanical accuracy required for specific use cases related 
to injury assessment or recovery. A lack of clarity on these issues can lead to wearable sensors 
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being misapplied or misused, ultimately hampering their potential to impact real-world 
applications effectively. 

The primary thrust of this dissertation (Chapters 2, 3, and 4) addresses the technical 
limitations and practical implementation of wearable monitoring solutions; leveraging machine 
learning and biomechanics to estimate musculoskeletal loading on the lower leg and back. 
Through this work, I have expanded our knowledge of how to effectively calibrate, implement, 
and interpret wearable sensor signals, and introduced new monitoring capabilities that enhance 
our understanding of musculoskeletal loading as it relates to workplace ergonomics, athletic 
training, and clinical populations. 
1.1.2 Modulating load with exoskeletons 

After monitoring the loads on the body, practitioners seek ways to modulate the loads to 
facilitate recovery or reduce injury risks. The most common form of load modulation comes 
from rest protocols [12], enforcing periods of low activity to allow the musculoskeletal system to 
recover and remodel the damaged tissue. However, this solution requires individuals to take time 
off from training or work schedules which could result in psychological or financial distress [20], 
[21], or other issues. Through the development of wearable assistive technology that reduces 
forces on certain biological tissues, we can modulate musculoskeletal loads on specific parts of 
the body while allowing individuals to maintain activity.  

Exoskeletons and exosuits (termed exos for short) are a form of wearable assistive 
technology that have demonstrated an ability to reduce musculoskeletal load and injury risk, 
often with less movement interference than traditional braces or boots [22], [23], [24], [25]. Exos 
have been developed to aid clinical populations [26], [27] and have demonstrated biomechanical 
improvements such as increased symmetry of gait [26]. Commercial exos have been developed 
for reducing repetitive stress injuries for the back and shoulder, providing relief to occupational 
workers [28], [29] and military personnel [24]. There are numerous applications of this 
conceptual framework, using wearable assist exos to reduce load on the musculoskeletal system.  

Ankle exos are an emerging technology that has demonstrated the potential to improve 
locomotor performance by providing an assistive plantarflexion torque during walking and 
running [22], [23], [30]. This capability could be useful for reducing the loads on the lower 
extremity to prevent or rehabilitate overexertion injuries. However, the translation of these 
devices beyond the lab requires the development of exos that are well suited for specific users 
and use cases. Usability considerations, such as comfort, practicality, or reliability outside the 
lab, limit the implementation of previously developed ankle exos in real world scenarios. 
Addressing these limitations is critical to bridge the gap between lab-based and practical real-
world application of ankle exos.  

The secondary thrust of this dissertation (Chapter 5) was the development and validation 
of an ankle exo to reduce the load on the Achilles tendon during locomotion in the real world. 
This new exo could be used in real-world testing to explore the effects of reduced Achilles 
tendon loading on reducing injury risk or accelerating recovery post-injury. 
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1.2 Dissertation Contributions 

 

1.2.1 Chapter 2 Contributions 

Chapter 2 explores the use of wearable sensors to monitor tibia (shank) bone loading 
when running across various speeds and slopes. Previous research used idealized wearable 
sensor signals (simulated data) to demonstrate the feasibility of using wearable sensors to 
estimate peak forces on the tibia during running. The critical knowledge gap that remained was 
determining how accurately tibial bone force could be estimated with real wearable sensors, 
specifically using a pressure insole and shoe-mounted IMU (inertial measurement unit). 

This chapter described and validated a new method for combining data from a real 
shoe-mounted IMU and pressure insole with a machine learning algorithm to accurately 
estimate peak tibial bone force. I created a promising calibration method to improve force 
estimates from pressure insoles. I then developed a machine learning algorithm that takes in 
wearable sensor signals and estimates peak tibial bone force with an error of about 5% compared 
to gold standard motion capture methods.  

By creating this method using real, portable wearable sensors, I provide a pathway for 
achieving reliable remote monitoring of musculoskeletal loading. As co-first author, I published 
“Tibial bone forces can be monitored using shoe-worn wearable sensors during running” in the 
Journal of Sport Sciences in 2022.  
1.2.2 Chapter 3 Contributions 

Chapter 3 explores the development, use and validation of wearable sensor systems for 
estimating low back injury risk during manual lifting tasks. Prior work explored using IMUs 
and/or pressure insoles to estimate low back loading metrics during manual handling. However, 
it was unclear how this accuracy in loading metrics translates to accuracy in ergonomic risk, due 
to the complex relationship between musculoskeletal loading, damage, and injury risk. 

This was the first study to evaluate the effectiveness of combining wearable sensors, 
machine learning, and ergonomic assessment tools to assess low back injury risk during 
manual handling tasks. Using idealized wearable sensor signals, data-driven simulations, and 
existing ergonomics assessment tools, I identified the minimum set of wearable sensors (a trunk 
IMU and pressure-sensing insoles) that can accurately estimate low back injury risk during a 
manual handling workday.  

The methodology I created for estimating low back injury risk using wearable sensors 
converts back loading metrics into risk metrics that safety professionals are more likely to care 
about and understand. This translational research filled an important knowledge gap and 
demonstrated a new wearable tool for supplementing or semi-automating ergonomic 
assessments. This approach could enable remote and personalized monitoring of overuse injury 
risks in real work environments. As first author, I published “How accurately can wearable 
sensors assess low back disorder risks during material handling? Exploring the fundamental 
capabilities and limitations of different sensor signals” in the Sensors Special Issue “Wearable 
Sensors and Machine Learning in the Biomechanics of Human Movement” in 2023.   
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1.2.3 Chapter 4 Contributions 

Chapter 4 details the development of new methods to account for data gaps in wearable 
sensor signals, specifically pressure insoles, which are common due to limited wear time by 
users. This is a critical technical gap that must be addressed to achieve remote, full-day 
monitoring of musculoskeletal loading using wearable sensors. While pressure insoles hold 
promise for enhancing remote musculoskeletal monitoring capabilities, challenges arise during 
real world implementation. Factors like patient compliance, situational practicality of wearing 
pressure insoles (e.g., indoor vs. outdoor), and technical sensor limitations (e.g., battery life or 
data storage space) limit the amount of daily wearable sensor data collected during long-term 
remote monitoring. Thus, there are inevitably some gaps in the pressure insole data, which limits 
full-day, at-home remote monitoring, specifically when trying to estimate cumulative loading. 
The accuracy of cumulative load estimates over a single day depends heavily on sensor wear 
duration. Limited or varying amounts of data collected affect our ability to glean insights over 
multiple days or infer relationships between cumulative load estimates and patient health 
outcomes. 

This is a first-of-its-kind method that uses a wrist-worn fitness tracker to 
supplement pressure insole data, to generate better remote estimates of tibial bone loading 
each day. Using a novel multi-stage method, I present a way to combine pressure insole and 
fitness tracker wearables to increase daily musculoskeletal load monitoring capabilities. I then 
present a guideline for how much insole data is required to obtain accurate daily loading 
estimates. 

  This work provides researchers with enhanced capabilities for remote monitoring and 
insights into pressure insole wear time requirements for accurate daily bone load estimation. As 
first author, I am preparing a manuscript to be submitted for publication in winter of 2024.  

1.2.4 Chapter 5 Contributions 
Chapter 5 details the design and evaluation of a new ankle exo that assists running in the 

real-world (i.e., outside the lab) by reducing loading on the Achilles tendon. Achilles tendon 
overuse injuries are prominent in the distance running community and are notoriously difficult to 
recover from. Ankle exos are an emerging solution, demonstrated in the lab to reduce loading on 
the Achilles tendon. But prior ankle exos have had limited testing and validation in real-world 
applications due to technical or practical limitations that prevent their use outside the lab. For 
instance, some prior ankle exos only function reliably at a small subset of speeds or slopes, or 
they may be too bulky or obstructive to be acceptable or usable by runners. There is a need for an 
ankle exo that is usable during real-world testing, which could enable longitudinal research or 
eventual use by runners for Achilles tendon rehabilitation or injury prevention. 

This chapter describes the design and shows proof of concept for a new type of 
ankle exo that effectively offloads the Achilles tendon during real-world locomotion, 
functions reliably across various speeds and slopes, and is practical for and acceptable to 
users. Using a novel clutch mechanism and mechanical interface with the shoe, this ankle exo 
design can intrinsically adapt to diverse running conditions without the need for specific tuning. 
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The prototype we built weighed less than 500 grams, while providing ankle plantarflexion 
assistance during outdoor running.  

The development of this ankle exo could enable new research studies outside of the lab 
that were previously impractical, allowing for investigation of the long-term impact of Achilles 
offloading on Achilles tendon rehabilitation or injury prevention.  As first author, I submitted 
“Evaluating the Biomechanical Effects and Real-World Usability of a Novel Exo for Runners” to 
the ASME Journal of Biomechanical Engineering, currently under review.   
1.3 Publications and Deliverables 

 

1.3.1 Journal Papers 

Nurse CA, Rodzak KM, Volgyesi P, Noehren B, Zelik KE. “Using fitness tracker data to 
overcome pressure insole wear time challenges for remote musculoskeletal monitoring” 
In preparation 
Nurse CA, Wolf DN, Rodzak KM, Teater RH, Fine SJ, Ice CC, Holtzman EC, Zelik KE. 
“Evaluating the Biomechanical Effects and Real-World Usability of a Novel Ankle Exo 
for Runners”. ASME Journal of Biomechanical Engineering. Under Review 
Nurse CA, Elstub LJ, Volgyesi P, Zelik KE. How Accurately Can Wearable Sensors 
Assess Low Back Disorder Risks during Material Handling? Exploring the Fundamental 
Capabilities and Limitations of Different Sensor Signals. Sensors. 2023; 23(4):2064. 
https://doi.org/10.3390/s23042064 
Elstub LJ*, Nurse CA*, Grohowski LM, Volgyesi P, Wolf DN, Zelik KE. Tibial bone 
forces can be monitored using shoe-worn wearable sensors during running. J Sports Sci. 
2022 Aug;40(15):1741-1749. doi: 10.1080/02640414.2022.2107816 *Author’s 
contributed equally* 
Zelik KE, Nurse CA, Schall MC Jr, Sesek RF, Marino MC, Gallagher S. An ergonomic 
assessment tool for evaluating the effect of back exoskeletons on injury risk. Appl Ergon. 
2022 Feb; 99:103619. doi: 10.1016/j.apergo.2021.103619 
Slaughter PR, King ST, Nurse CA, Ice CC, Goldfarb MG, Zelik KE. “Design and 
evaluation of a sensor-instrumented clutch mechanism for quasi-passive back exosuits”. 
IEEE Transactions on Biomedical Engineering. Under Review 

1.3.2 Conference Presentations and Posters 

Nurse CA, Wolf DN, Rodzak KM, Teater RH, Fine SJ, Ice CC, Holtzman E, Lee M, 
Zelik KE. “User-centric iterative design of an ankle exosuit to reduce Achilles tendon 
load during running”. American Society of Biomechanics, August 2023, Knoxville, USA, 
Poster Presentation 
Nurse CA, Elstub LJ, Volgyesi P, Zelik KE. “Low back disorder risk assessment during 
material handing using wearable sensos: a feasibility study”. North American Congress 
of Biomechanics, August 2022, Ottawa, Canada, Oral Presentation 
Nurse, CA., Elstub, LJ., Grohowski, LM., Volgyesi, P., Wolf, DN. & Zelik, KE. 
“Insights into the use of wearable sensors to measure tibial bone force”. British 
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Association of Sport Sciences Biomechanics Interest Group, Virtual 2021, Oral 
Presentation.  
Elstub LJ, Nurse CA, Wolfe AE, Matijevich ES, Grohowski LM, Volgyesi P, Zelik KE. 
“From feasible to practical: progress in the development and validation of wearables for 
accurately monitoring tibial bone forces in the real-world” International Society of 
Biomechanics, Virtual 2021, Oral Presentation 
Slaughter P, King ST, Nurse CA, Ice C, Goldfarb M, Zelik KE. “Design and Validation 
of a Clutch Mechanism with Integrated Force and Displacement Sensing for Quasi-
Passive Exosuits.” North American Congress of Biomechanics, August 2022, Ottawa, 
Canada, Thematic Poster Presentation  
Grohowski LM, Elstub LJ, Nurse CA, Zelik KE. “Estimating tibial bone force using a 
wearable IMU and pressure insoles segmented into regions”. American Society of 
Biomechanics, Virtual 2021, Oral Presentation 
Teater RH, Eveld ME, Matijevich ES, King ST, Ziemnicki DM, Nurse CA and Zelik 
KE, “Pivoting to Virtual Outreach Efforts for K-12 Students: A Comparison of Two 
Approaches”. Orthopaedic Research Society, February 2022, Tampa, Florida, Oral 
Presentation 

1.3.3 Industry Reports and Standards 
Zelik KE, Nurse CA, Smith CS. Reportss. “Wearable Back Monitoring System for 
ergonomic assessment”, external industry partner, 2022 
Zelik KE, Slaughter PS, Nurse CA. “Standard test method for evaluating low back injury 
risk when using a back exoskeleton”, ASTM International, Under review 

1.3.4 Patent Applications 

Zelik KE, Wolf DN, Nurse CA, Ice CC, Rodzak K, Teater RH, Fine S. “Wearable Ankle 
Assist Device and Methods of Operation”. 2023 
Zelik KE, Goldfarb M, Slaughter PR, King ST, Nurse CA, Ice CC. “Clutch mechanisms 
and uses of the same”. 2023 
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Chapter 2: Tibial bone forces can be estimated from shoe-worn wearable sensors during 
running 

 
2.1 Background 

Tibial bone stress injuries are amongst the most frequent overuse injuries experienced by 
runners [31], [32].  Overuse injuries result from repetitive tissue forces that cause microdamage 
accumulation to outpace remodeling[3], [5], [14], [33]. Tibial bone stress injuries often require 
people to stop running for 6-12 weeks and occasionally require surgery to repair[34]. Running 
injuries can result in financial and personal costs due to healthcare, reduced physical activity, 
time off work[35], and increased feelings of stress and anxiety from being unable to run[36]. 
Therefore, reducing the incidence of tibial bone stress injuries would be beneficial for runners 
and could improve their quality of life.   

Wearable sensor systems (termed wearables) that can be used outside the laboratory to 
alert runners to overuse risk could reduce tibial bone stress injury incidence and associated costs. 
It has been posited that one key to assessing overuse injury risk is the ability to monitor forces on 
injury-prone tissues inside the body, such as the tibia bone[5], [14], [33], [37], [38], [39]. 
Wearables (including hardware and algorithms) can achieve this by noninvasively monitoring or 
calculating surrogate metrics which are correlated with specified tissue forces and computed 
from a combination of sensor signals and trained algorithms. However, we previously 
demonstrated that commonly used acceleration and ground reaction force (GRF) impact and 
loading rate metrics are not well correlated with tibial bone force when running[33], and thus can 
mislead our understanding of repetitive tissue forces and damage accumulation. Moreover, a gait 
retraining study found that decreasing vertical GRF impacts resulted in different injury patterns 
over a 12-month period. For example, compared with controls, runners who decreased vertical 
GRF impacts had a 75% lower occurrence of injuries to the hip, knee and thigh, but had a 1400% 
higher occurrence of calf and Achilles injuries[40]. In addition, stiffer shoes have been shown to 
lower vertical GRF impact forces during running but lead to a greater burden on the muscle[41]. 
This study concluded that the higher injury risk observed was not related to impact or loading 
rate metrics [41].  Consequently, increases in GRF metrics (e.g., vertical average loading rate, 
impact peak) and accelerometer/inertial measurement unit (IMU) based metrics (e.g., tibial 
shock) should not be assumed to be a global indicator of musculoskeletal forces, and specifically 
should not be interpreted to indicate increases in tibial bone force[33]. Rather, there remains a 
need for wearables capable of estimating tissue forces in the real world. 

We previously demonstrated the feasibility of combining data from a pressure-sensing 
insole and shoe-mounted IMU with trained machine learning algorithms to non-invasively 
estimate tibial bone force during running[14]. This new approach reduced errors in tibial bone 
force and damage estimates from 9.9% and 104% when using vertical average loading rate, to 
2.6% and 18% when using our two-sensor solution[14]. Bone damage is exponentially related to 
peak bone force[40], which is why modest errors in tibial force estimates (e.g., 8–11%) cause 
large errors in estimates of bone damage (e.g., 70–120%, Matijevich et al.[14]). However, a 
limitation of this prior study was that it used simulated (idealized) wearable signals calculated 
from lab-based force plate and motion capture data. Simulated wearable signals demonstrate 
theoretical feasibility but are expected to have higher accuracy than existing wearable sensors 
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which is why this follow-on study was needed to validate this approach using data from real 
wearables. 

Estimating forces under the feet (referred to throughout as normal plantar force) using 
pressure insoles is affected by factors, such as the number of sensors within the insole, 
movement artefact, or distortion of the insole inside the shoe during gait[41].  For instance, prior 
studies reported a discrepancy of approximately 15% in normal plantar force estimates and GRF 
measured from force plates during walking[42] and running[43]. Consequently, a variety of 
additional calibration methods have been implemented, including the use of a participant 
standing trial[43], transfer functions[41], machine learning techniques[44], [45] and task specific 
calibrations[41] to better estimate GRF from pressure insoles. In addition, IMUs can also exhibit 
noise and drift[41], [46] that can affect the accuracy of kinematic estimates compared to lab-
based motion capture. However, the optimization of IMU calibration[47], [48], placement[49] 
and processing[50], [51] has led to improvements in accuracy kinematic estimates compared 
with 3D motion capture during gait[52], with average errors of 1–2° in orientation angle being 
previously reported[53].  

Despite these potential sources for error, results from recent studies using wearables to 
monitor biomechanical tissue forces are encouraging. For example, a wearable tensiometer for 
monitoring Achilles tendon forces during outdoor walking demonstrated comparable trends to 
those found in previous studies using lab-based, research-grade instrumentation[54]. In addition, 
a wearable pressure insole system demonstrated average error of 4.9% versus gold standard 
inverse dynamics estimates of ankle moment (an indicator of Achilles tendon force) during a 
range of tasks including walking, running and functional activities, such as drop jumps and heel 
raises[19].  

Nevertheless, a key knowledge gap remains: how accurately can tibial bone force be 
estimated with an existing pressure insole and IMU? The objective of this study was to address 
this question by characterizing the accuracy of tibial bone force estimates from real shoe-worn 
wearable sensors during running. 
2.2 Methods 
2.2.1 Overview 

We tested nine participants running over a range of conditions (e.g., speeds, slopes, and 
stride patterns) while synchronously collecting data from lab-based instrumentation and from 
bilateral wearable sensors (one pressure sensing insole and one shoe-mounted IMU on each 
foot). A machine learning algorithm was trained to estimate peak tibial bone force for each step 
using wearable sensor signals as input features. First, we used simulated (idealized) wearable 
signals which provided an upper bound of expected accuracy when estimating peak tibial bone 
force from the wearable system. Second, we used real wearable sensor signals with manufacturer 
recommended calibrations; however, we were unable to achieve low error in tibial bone force 
estimates. Therefore, we performed additional calibrations on the pressure insoles to reduce error 
and variability of GRF estimates, with the goal of reducing error of tibial bone force estimates. 
Throughout the manuscript these conditions are referred to as: (1) Simulated Wearables, (2) 
Standard Wearables: pressure insoles and shoe-mounted IMUs with manufacturer recommended 
calibrations, and (3) Advanced Wearables: pressure insoles and shoe-mounted IMUs with 
additional pressure insole calibrations. 
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2.2.2 Experimental setup and protocol 
Following ethical approval from the Institutional Review Board at Vanderbilt University, 

nine recreational runners (6 males [height: 1.84 ± 0.07 m, mass: 82.4 ± 7.9 kg], 3 females 
[height: 1.72 ± 0.08 m mass: 59.3 ± 4.4 kg]) volunteered to take part in this study. We previously 
found this sample size to be adequate for similar studies involving machine learning algorithm 
training and feasibility assessments[14], [33]. The inclusion criteria required participants to be 
running a minimum of 10 miles per week at the time of data collection. Each participant 
provided written informed consent. 

All participants were provided with ASICS Gel Cumulus 20 trainers to wear during data 
collection to reduce confounding variables (e.g., pressure insole fit issues) arising from the use of 
different running shoes. Laboratory-based kinetic and kinematic measures were simultaneously 
collected using a force instrumented treadmill (Bertec, 2000 Hz) and a 10-camera Vicon motion 
capture system (200 Hz) with a lower-limb marker set applied to the pelvis, thighs, shanks, and 
feet (detailed in Matijevich et al. 2019). In addition, kinetic and kinematic data were recorded 
using wearable sensors with manufacturer recommended calibrations. Normal plantar force was 
estimated from summed foot pressures recorded with Novel insoles (Pedar, 100 Hz). 
Accelerations and angular velocities were recorded, and used to estimate segment orientation 
angles, from a lower-body Xsens system on the pelvis, thighs, shanks, and feet (MVN Awinda, 
100 Hz). All data were synchronized with a rising edge from the Novel system. 

Participants completed a series of 30 second trials at different speeds (2.68 m/s, 2.95 m/s, 
and 3.31 m/s), slopes (0°, 3°, 6°, −3° and −6°), and running conditions (increasing and 
decreasing stride frequency, forefoot and rearfoot strike pattern) resulting in a total of 41 distinct 
trials. Rest periods were provided as requested by the participant. 
2.2.3 Purpose of and rationale for machine learning algorithm 

Based on findings in Matijevich et al. 2020[14] a LASSO (Least Absolute Shrinkage and 
Selection Operator) regression algorithm was trained to estimate peak tibial bone force from a 
combination of wearable sensor signals. The LASSO regression uses a least squares model with 
L1 regularization and was implemented in Orange (version 3.30.1). The regression was trained 
using k-fold cross validation by participant, which means that data from eight runners were used 
to train the LASSO algorithm, then tested on the runner that was excluded from the training set 
to assess tibial force estimation accuracy. This process was repeated for each runner[55]. 

Peak tibial compression force was chosen as the target variable because it is a key 
contributor to mechanical fatigue that causes microdamage of bone[56], [57].  In addition, 
increasing running speed increases tibial compressive force and also results in proportional 
increases in bending and shear stresses[58]. The signal features inputted to the LASSO algorithm 
were identified as important in previous work[14] and were calculated separately for each 
condition, using pressure insole and IMU signals. We also plotted each feature to qualitatively 
compare the accuracy and consistency of the feature with lab-based measures. The most accurate 
and consistent features were chosen to ensure the usefulness of the feature was not offset by high 
variability, resulting in the following discrete features being computed for each wearable 
condition (listed in order of importance as determined from the LASSO algorithm): maximum 
normal plantar force (normalized to body weight, BW), peak sagittal plane foot orientation angle 
during stance phase (°), mediolateral and anterior-posterior center of pressure (m) at time of 
maximum normal plantar force. 
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We estimated the ground truth compressive force on the tibia from lab-based data using 
previous methods[14].  In brief, joint kinetics were estimated using rigid body inverse dynamics 
that combined GRF and lower body kinematics from lab-based instrumentation. Then, using a 
musculoskeletal model, estimates of compressive force from the plantar flexor calf muscles and 
the net force on the ankle were summed to approximate the compressive force acting on the 
distal end of the tibia. The mean maximum tibial bone force was computed across the last 10 
strides of the running trial and normalized by participant BW to provide Lab-based estimates. 

The discrete feature inputs were computed separately for each of the three wearable 
conditions defined as follows: First, Simulated Wearable signals were computed using lab-based 
data that were converted into types of signals that could be obtained with the use of pressure 
insoles and IMUs[14]. Specifically, GRF measured by the force instrumented treadmill was 
projected to a one-dimensional vector normal to the foot (simulating force estimates from 
pressure insoles), whilst center of pressure was mapped into the foot’s frame of reference and 
foot orientation angle was computed in the lab reference frame. Second, Standard Wearable 
signals were measured from a pressure insole and shoe mounted IMU on each foot with 
manufacturer recommended calibrations. Third, Advanced Wearable signals were obtained by 
applying additional calibration methods to the Standard Wearable pressure sensing insole, as 
detailed below. The same IMU signals were used for both Standard Wearable and Advanced 
Wearable conditions. 
2.2.4 Additional pressure insole calibration methods 

We identified insole size and participant-specific differences as primary contributors to 
the variability observed in measurements from pressure insoles. We learned this during visual 
inspection of normal plantar force estimates when plotted within different groupings (e.g., by 
insole size, participant, gradient, speed) and compared with Lab-based estimates of vertical GRF. 
These observations are in line with previous research[41], [59] which showed the number and 
placement of sensors can vary between insole sizes and therefore affect insole 
measurements[60]. As such, calibrations specific to the movement task and environment of use 
have been recommended when using pressure insoles[61]. In addition, variability can be 
introduced between each participant, due to the insole fit and insole-shoe or insole-foot 
interactions. We therefore performed two additional calibration steps to reduce variability and 
better estimate vertical GRF from pressure insoles (Figure 1). 
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Figure 1: Signal flow chart. This shows how signals were processed to compute tibial bone force 
estimates for the advanced wearable condition. Yellow represents data from the shoe mounted IMU and 
blue represents data from the pressure insole 

First, we created a linear regression on the running data for each insole size. For each 
participant, the linear regression was created using running data from the other participants in the 
dataset who wore the same insole size, and then applied to the excluded participant (to help 
mitigate overfitting and ensure the algorithm performs well with new data). We used the normal 
plantar force measured from the pressure insoles (I) to estimate the peak vertical GRF from the 
force instrumented treadmill with a linear regression (F� = mI + b). 

Second, we created a linear regression on the running data for a single participant. For 
each participant, the linear regression was created using a random third of the data from that 
participant, and then applied to the remaining data of that same participant (again to help 
mitigate model overfitting). For this participant-specific calibration, we used the estimated GRF 
obtained from the previous running-specific insole size calibration (F�) to estimate the peak 
vertical GRF from the force treadmill with a linear regression (F� =  m�F� + b�). Of note, there are 
various ways to perform additional pressure insole calibrations, which are elaborated on in the 
Discussion section, but for the purposes of this initial investigation we found this two-stage 
regression calibration to be suitable. 
2.2.5 Algorithm evaluation 

To evaluate the accuracy of these wearables in estimating tibial force, we calculated 
mean absolute percent error (MAPE) across all participants. The MAPE was calculated between 
the Lab-based estimates of tibial bone force and those produced by Simulated, Standard, and 
Advanced Wearables. 
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As an additional exploration we also evaluated accuracy when tibial force was computed with 
different combinations of wearable sensors: Advanced Wearables: pressure insole only, Standard 
Wearables: shoe mounted IMU only, and Standard Wearables: pressure insole only. 
2.3 Results 
 

2.3.1 Foot orientation angle from the IMU 
Peak foot orientation angles obtained from the shoe-mounted IMU demonstrated a 

MAPE of 11.4 ± 12.6% (3.7 degrees) compared with Lab-based estimates from a 3D motion 
capture system (Figure 2). 

 
Figure 2:Peak sagittal plane foot orientation angle determined from standard wearable shoe-mounted 
IMU vs. Lab-based 3d motion capture. These imu signals were identical when input to the advanced 
wearable algorithm. 

2.3.2 Force estimates for pressure insoles 
Standard Wearable force estimates were consistently lower than peak vertical GRF 

obtained from Lab-based force plates (MAPE: 33.6 ± 12.8%, Figure 3b). However, the 
Advanced Wearable force estimates exhibited a MAPE of 4.1 ± 5.1% compared with Lab-based 
vertical GRF (Figure 3c).  

 
Figure 3:Peak forces computed from simulated wearables (a), standard wearable pressure insoles (b), and 
advanced wearable pressure insoles (c), each vs. Lab-based peak GRF from an instrumented treadmill. 
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2.3.3 Peak tibial bone force estimates 
Using Simulated Wearables with a trained algorithm, peak tibial bone force was 

estimated with a MAPE of 3.4% vs. Lab-based estimates (Figure 4a, Table 1). With Standard 
Wearables, we observed a MAPE of 11.3% (Figure 4b, Table 1). However, Advanced Wearables 
resulted in a lower error in peak tibial bone force estimates, with a MAPE of 5.7% (Figure 4c, 
Table 1). Using only Standard Wearable pressure insoles resulted in a MAPE of 17.9%. Using 
only a Standard Wearable IMU on the shoe resulted in a MAPE of 12.8%. Advanced Wearable 
pressure insoles alone estimated tibial bone force with a MAPE of 7.0% (Table 2).  

 
Figure 4:. Peak tibial bone force determined from Simulated Wearables (a), Standard Wearables (b), and 
Advanced Wearables (c), each vs. Lab-based estimates 
 

Table 1:Average errors of peak tibial bone force estimation from trained LASSO algorithms. This table 
reports MAPE for LASSO algorithm estimates of peak tibial bone force compared with Lab-based 
estimates of peak tibial bone force 

  Simulated Wearables  Standard Wearables  Advanced Wearables  

Mean ± std  3.4 ± 2.1 %  11.3 ± 7.6 %  5.7 ± 3.8%  

[min max]  [2.2% 7.1%]  [6.7% 22.6%]  [3.3% 9.2%]  

  
Table 2:Average errors in peak tibial force estimates obtained from trained LASSO algorithm using 
different wearable sensor combinations. This table reports MAPE for LASSO algorithm estimates of 
peak tibial bone force compared with Lab-based estimates 

Combination of wearable sensors  MAPE (mean ± std)  

Advanced Wearables  5.7 ± 3.8%  

Advanced Wearables: pressure insole only  7.0 ± 6.2%  

Standard Wearables  11.3 ± 7.6%    

Standard Wearables: shoe mounted IMU only  12.8 ± 10.6%  

Standard Wearables: pressure insole only  17.9 ± 9.2%  
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2.4 Discussion 
We found that combining a pressure insole and a shoe mounted IMU, with appropriate 

sensor calibration and trained algorithms, could estimate tibial bone force during running with 
average errors of less than 6%. The results from this study indicate that pressure insole 
calibration is the key to achieving accurate tibial bone force estimates using existing wearables. 
Standard pressure insole calibration yielded tibial force estimates with higher errors (11%) when 
combined with a shoe mounted IMU. This error was reduced to under 6% when additional 
calibration methods were performed on the pressure insoles; accuracy which we anticipate would 
be sufficient for real-world uses. 

These findings are encouraging for several reasons. Firstly, the Advanced Wearables 
condition presented here provides an improvement in measurement accuracy compared with 
existing alternatives, such as vertical average loading rate that previously demonstrated an 
average error of approximately 10% (even when using idealized signals[14]). Since bone damage 
is exponentially related to force applied, a reduction in tibial force errors from 10% to less than 
6% corresponds with reducing tissue damage errors from 104% (e.g., when relying on idealized 
vertical average loading rate[14]) to 36% with real wearables (Advanced Wearables condition) in 
the current study. We previously demonstrated that this decrease in error is the difference 
between being able to track versus not track trends in bone damage across simulated running 
workouts[14]. Secondly, the error (5.7%) of the Advanced Wearables was only slightly higher 
than that of the Simulated Wearables (3.4%) which were calculated based on Lab-based 
instrumentation. Therefore, the shoe mounted IMU and pressure insole system represents a 
promising way to monitor tibial bone force estimates during real world running. This type of 
wearable has the potential to benefit preventative medicine and training in competitive and 
recreational running, and to increase our understanding of injury risk to the tibia, and potentially 
other lower-limb tissues[14]. 
2.4.1 Sensor calibration insights 

The LASSO algorithms developed to estimate peak tibial bone force were not highly 
sensitive to errors in foot orientation. On the whole, we observed low error and variance in the 
IMU signals. Using standard IMU algorithms (from Xsens), peak foot orientation angles in the 
sagittal plane had an average error of 11% (range: 2–28%), which translates to an absolute error 
of 4° compared with Lab-based 3D motion capture. Errors of 1–2° for segment orientation angles 
have been reported in previous literature[53]. The slightly higher average errors we observed 
here were, in part, due to one participant with an unusually high error (28%). However, owing to 
the relative importance of foot orientation angle in the LASSO algorithm feature rankings (found 
in Methods), this error magnitude did not meaningfully impact the amount of error in tibial bone 
force estimates. In support of this conclusion, we found no change in tibial force results (5.7% 
vs. 5.7% MAPE) when this one participant with higher IMU errors was omitted from the dataset. 
Therefore, we did not consider the IMU signal processing or angle estimation accuracy as a 
limiting factor in estimating tibial bone force. 

We found that accurate and consistent estimates of peak vertical GRF from pressure 
insoles were the key to obtaining accurate tibial bone force estimates in running. Machine 
learning algorithms such as LASSO identify trends within a dataset that can be used to estimate a 
target variable (i.e., peak tibial bone force) from input features (e.g., foot orientation angle, 
center of pressure[62]). Within- and between-participant variability observed in normal plantar 
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force estimates with standard methods of pressure insole calibration prevented the LASSO 
algorithm from capturing reliable trends within the data, resulting in tibial bone force estimates 
with relatively high error (MAPE: 11%, Standard Wearables). Therefore, we focused our efforts 
on developing additional calibration methods for obtaining better peak vertical GRF estimates 
from pressure insoles. 

The manufacturer recommended calibration (Standard Wearable pressure insole) led to 
estimates of tibial bone forces with large errors (Table 1). he standard yearly calibration uses a 
static air compressor and does not include dynamic interactions with a user during a task. 
Therefore, dynamic tasks (such as running) are likely to introduce errors due to varying insole-
foot/shoe interactions and we suggest performing additional methods of calibration to overcome 
this issue. For our purposes, we performed a series of regressions: (1) a running-specific 
calibration by insole size and (2) a participant-specific calibration. These additional calibrations 
reduced errors in tibial bone force estimates from 11% to under 6%. 

We envision various ways for these additional calibrations to be practical in real life, with 
the exact implementation being dictated by the application and available equipment. For 
example, researchers with access to an instrumented treadmill could replicate similar pressure 
insole calibrations (using a series of regressions) or apply other more advanced data fitting tools. 
For instance, the running (or task) specific insole size calibration could be performed using 
methods such as transfer functions[41] or neural networks[44] that are specific to the task of 
expected use, although even simple linear regressions were sufficient for large reductions in error 
in this study (Table 1, Figure 4). In the future, these task-specific calibrations might be 
incorporated into standard manufacturer calibrations for products with targeted uses. Our second 
calibration accounted for participant-specific aspects that might, in part, occur due to participant-
specific distortion of the insole due to interaction with the foot or shoe. Where force 
instrumented treadmills are not available, completing a series of standing trials (e.g., two feet, 
single leg, single leg on tiptoes, etc.) where the person’s body weight is input and thus force 
under the foot is known (e.g., 100% or 50% of user body weight) might be used to perform 
participant-specific calibration. This could be an alternative and practical calibration method to 
implement but requires additional testing and validation. 
2.4.2 Healthcare and fitness applications of current wearable technology 

A common question for wearable technologies is: are they sufficiently accurate to 
provide meaningful data or actionable insights? However, the answer to this question varies by 
application and is often not possible to know until a device is finalized (e.g., with final sensor 
hardware), commercialized, and used at large scale. Nevertheless, prior literature provides 
insight as to what levels of error have previously been sufficient for real-world applications, such 
as healthcare and fitness. For example, wrist-worn pedometers (e.g., in smartwatches) with errors 
between 1.5% and 9.6%[63]  have successfully been used to increase motivation to participate in 
physical activity[64] and improve weight loss[65]. Pedometers provide users with quantitative 
feedback on their general levels of physical activity and similarly, a wearable monitoring system 
such as evaluated here could provide users with feedback on tibial force patterns or overuse 
injury risk. Heart rate measures from smartwatches are correlated with gold standard 12-lead 
electrocardiograms[66], and those with errors below 10% have been recommended as sufficient 
for use in weight loss treatments[66]. Moreover, wearable self-monitoring systems for blood 
glucose levels have been recommended to have errors below 15%[67]. Commonly used blood 
glucose monitors with errors ranging from 6.5% to 12%[67]  have improved patient self-



16 
 

management and clinical decision-making[68]. Collectively, this suggests that wearable tibial 
bone force estimates with average errors on the order of 6% are likely sufficient for some real-
world uses. Next steps should focus on development of commercial-grade wearables that can be 
used to conduct real-world validation, and longitudinal or exploration studies. 

While our estimates of bone damage are improved compared with commercially 
available wearables[14], he Advanced Wearable condition only achieved an average damage 
error of 36%. Thus, bone damage estimates should be interpreted cautiously at present. However, 
there is some evidence to suggest this bone damage error may be good enough for real-world use 
(e.g., to provide useful and reliable insight on injury risk). Previous work demonstrated that it is 
possible to capture key trends in higher vs. lower damage workouts, even with average damage 
errors of 41%[14]. Furthermore, evidence from other overuse injuries in the field of occupational 
health suggest utility to fairly crude estimates of tissue damage. For example, the relationship 
between cumulative damage and low back overuse injury risk is logarithmic, which means that 
cumulative damage estimates in the same order of magnitude generally provide a similar injury 
risk classification[3].  A similar relationship is expected between damage and overuse injury risk 
to other musculoskeletal structures[3], [5]. Therefore, we expect that an Advanced Wearable 
likely provides a reasonable classification of tibial injury risk. Fortunately, these bone damage 
estimates can be obtained at the same time as the more accurate tibial bone force estimates, 
without the need for any additional sensors which should enable exploration and deeper 
characterization of the relationship between damage estimates and injury risk through real-world 
longitudinal studies. As such, bone damage estimates from this wearable offer an exciting new 
monitoring capability that could spur new avenues of research. 
2.4.3 Limitations and opportunities for future research 

There are limitations associated with the current study, as well as opportunities for future 
research. For example, the current algorithm (LASSO) and advanced calibration techniques 
presented have been developed specifically for running. However, prior studies suggest a similar 
algorithm and sensor set is also likely to perform well for other tasks[19]. The results presented 
are specific to the wearable sensor hardware used, and/or those that display a similar level of 
measurement error. However, the methods of analysis presented here could be used as a starting 
point for developing advanced calibration methods with other wearable sensor hardware. We 
performed our analysis on a broad range of running conditions, including different speeds and 
slopes, but we did not explore different surfaces. 

Running data were collected in a single session, and we did not perform extensive 
evaluation of the wearable algorithm performance over multiple running days or sessions. 
Strategies to reduce injury risk often require monitoring individuals over multiple sessions. 
Therefore, understanding the day-to-day repeatability of a device would help determine its 
appropriateness for use. We did not formally evaluate repeatability. However, to gain some 
preliminary insight, we performed a case study where the trained LASSO algorithm was applied 
to the same participant who completed the experimental protocol twice, one week apart. The 
resulting values from Advanced Wearables were similar across days, with a 0.15 BW (~1%) 
difference in peak tibial bone force estimates. In addition, both IMUs[69], [70] and pressure 
insoles[71], [72] have demonstrated high levels of repeatability in prior studies. Therefore, we 
expect that the Advanced Wearable presented has potential to provide accurate and repeatable 
results in a real-world setting. Repeatability should be formally evaluated in the future, ideally on 
the population of interest. If the goal is a longitudinal study, then it makes the most sense to 
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perform repeatability testing on the actual wearable hardware (e.g., consumer-grade product) that 
would be used in the real-world. 
2.5 Conclusion 

By combining a pressure sensing insole and shoe mounted IMU with a trained algorithm, 
we were able to estimate peak tibial bone force with average errors of 5.7% during running. To 
achieve this, additional methods of calibration are required to reduce the error and variability of 
GRF estimates from pressure sensing insoles. We outlined one way of implementing these 
additional calibrations, as well as potential alternatives for real-world use. The exact calibration 
method will depend on the intended application and measurement equipment available. The 
results and techniques presented here add to the growing body of literature demonstrating the 
exciting potential to use wearables with appropriately calibrated sensors and trained algorithms 
to monitor musculoskeletal forces and damage, which could positively impact injury prevention, 
clinical management, physical training, and scientific understanding. 
  



18 
 

Chapter 3: How accurately can wearable sensors assess low back disorder risks during 
material handling? Exploring the fundamental capabilities and limitations of different 

sensor signals 

 
3.1 Background 

Low back disorders (LBDs) are a leading occupational health issue, and commonly due to 
overexertion. LBDs account for almost 40% of work-related musculoskeletal disorders in the 
U.S.[20], resulting in financial and personal burdens due to healthcare costs, time off work, lost 
productivity, physical pain, and psychological distress. Individuals working in manual material 
handling jobs are at an elevated risk of LBDs due to overexertion experienced by the back during 
repetitive lifting and bending[73], [74]. Overexertion injuries result from the accumulation of 
microdamage caused by repeated loading of musculoskeletal tissues (e.g., muscles, tendons, 
ligaments, discs), and are consistent with a mechanical fatigue failure process[3], [4], [40] 

Ergonomic interventions have reduced work-related musculoskeletal disorder 
prevalence[11], [75], [76] by reducing physical strain on workers[77], [78]. The hierarchy of 
controls is a useful framework for implementing interventions after risks are identified[11]. 

Ergonomic assessments identify injury risk and play a critical role in informing and 
prioritizing where ergonomic interventions are needed. Several ergonomic assessment tools have 
been developed to identify LBD risk resulting from manual lifting tasks. The Lifting Fatigue 
Failure Tool (LiFFT) is noteworthy because it is based on fatigue failure principles[9] and 
estimates cumulative damage of the low back. LiFFT works by counting the number of lifting 
repetitions and using peak load moment (an indicator of back strain due to the object lifted) to 
estimate damage inflicted on the person’s back each lift. Gallagher et al. used mechanical fatigue 
failure principles to develop a relationship between lumbar moment and tissue damage per cycle, 
which underlies LiFFT. LiFFT was validated against existing epidemiological databases 
containing the peak load moment for each lift, the number of lifts performed per day, and the 
incidence of LBD for workers in diverse occupations[79], [80]. 

However, ergonomic assessments can be time-consuming, costly, and inconsistent in 
practice. For instance, approximately one in three assessments has been found to contain errors, 
and in 13% of the assessments, the errors were substantial enough to invalidate the 
evaluation[13]. To perform an ergonomic assessment with LiFFT, a trained safety professional 
observes an individual worker during a shift, manually recording the weight of each object lifted, 
the horizontal distance from the object to the lumbar spine (or hip), and the number of repetitions 
of this task[9]. Due to the time-intensive nature of these observations, continuous and 
personalized monitoring is often impractical or cost prohibitive. This means that rather than 
assessments occurring over a long duration and involving a variety of tasks across multiple 
workers, conclusions are drawn from limited observations and may not be generalizable across a 
wide range of workers or tasks. 

There is an opportunity to develop more efficient and consistent ways to assess ergonomic 
injury risk over a range of workers and workplace environments by providing automated 
monitoring of overexertion risk (e.g., to the low back). Wearable sensors are one type of 
emerging technology that could improve ergonomic assessments by monitoring individuals 
remotely and for long durations, allowing for personalized injury risk assessment to inform 
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ergonomic interventions. This could reduce the time and effort burden on safety professionals, 
while simultaneously enabling more widespread risk assessment. 

Wearable sensor systems using inertial measurement units (IMUs) are already being explored 
and adopted in industry to complement or expedite ergonomic assessment[81], [82]. IMU 
systems provide kinematic information[83], [84], [85] and are beneficial for ergonomic 
assessments that seek to capture data related to high-risk postures and bending frequency. There 
are some reports from industry indicating that IMU systems are useful in identifying and 
reducing musculoskeletal injury risks[81], [82], and quantitative claims are now being made by 
device manufacturers about the efficacy and capabilities of their IMU systems for injury 
reduction. However, there is a dearth of formal, independent, or peer-reviewed studies that have 
evaluated these IMU systems, or the scientific basis underlying their risk assessment algorithms. 

One known limitation of IMU systems is that they do not measure the weight of an object 
lifted, which may limit their ability to identify injury risk due to physical overloading or 
overexertion[15]. While IMU systems can identify when an individual has performed a forward 
bend, they are unable to determine the weight of the object lifted or if an object has been lifted at 
all. This limitation is significant because musculoskeletal loading is dependent on forces and 
moments (kinetics), which require knowledge of the weight of an object lifted. Manufacturers of 
these IMU systems have tried to implement workarounds, such as manually inputting object 
weight, assuming a nominal object weight, or developing algorithms that attempt to estimate 
object weight indirectly based on movement patterns or other heuristics. However, the validity 
and efficacy of these workarounds is unknown. Fundamentally, it remains unclear to what degree 
we should expect IMU systems to be capable of assessing overexertion injury risk to the low 
back. 

Combining pressure-sensing insoles with IMU sensors has the potential to overcome this 
limitation and to provide more accurate ergonomic assessment of lifting tasks. We previously 
found that lumbar moment, an indicator of low back loading, can be estimated 33% more 
accurately with combined signals from a trunk IMU and pressure insoles than with trunk IMU 
signals only, based on an analysis using idealized wearable sensor signals[15]. However, 
material (e.g., tissue) damage is exponentially related to the peak load applied[3], [4], [40], 
meaning that modest errors in lumbar moment estimates[15], [17], [18] can result in much larger 
errors in damage estimates, affecting estimates of injury risk. These prior findings[15] suggest 
that improved accuracy from combining pressure-sensing insoles and an IMU might 
meaningfully improve LBD risk assessment in the workplace. However, this proposition requires 
further research and validation, and important open questions remain, including: 

1. How accurately can we estimate LBD risk with a trunk IMU combined with pressure 
insoles? 

2. How much greater is this risk assessment accuracy than using a trunk IMU alone? 
The objective of this study was to address the two open questions above. To maximize the 

generalizability of our results and study contributions, we used a data-driven simulation 
approach to characterize and explore how accurately we could classify LBD risk using only 
trunk motion (e.g., from a single trunk IMU) versus using trunk motion and forces under the feet 
(e.g., from a single IMU combined with pressure insoles). 

The first question is important because prior literature[15], [17], [18] only quantified the 
accuracy of a biomechanical indicator of loading on the lower back (i.e., lumbar moment). 
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Ultimately, what safety professionals care about is how accurately they can classify injury risk 
(not just estimate time-series biomechanical variables such as lumbar moment). LBD risk 
assessment accuracy has not yet been studied for trunk IMU and pressure insole systems. 
Furthermore, it is currently unclear what level of biomechanical load accuracy is good enough 
for ergonomic assessment in practice, particularly given the nonlinear relationships between 
musculoskeletal load, damage, and injury risk[3], [9], [86]. 

The second question is important because it is currently unclear whether improved 
accuracy—which we expect using additional information from the pressure insoles—is 
substantial enough to justify the extra cost and complexity of adding pressure sensors into a 
user’s shoes. It is possible that processing IMU data alone may be sufficient for obtaining 
reasonably accurate estimates of LBD risk over a full workday (e.g., hundreds of lifts). This may 
be true even if the IMU-estimated accuracy is worse than the combined trunk IMU and pressure 
insole accuracy on a lift-by-lift basis. 
There were three possible conclusions from our study: 

Possibility 1: Capturing under-the-foot force data (e.g., from pressure insoles) is 
unnecessary because trunk motion alone (e.g., from an IMU) can provide reasonably good 
accuracy in estimating LBD risk over the course of a workday. 

Possibility 2: Trunk motion data alone are insufficient to accurately estimate LBD risk 
but adding under-the-foot force data results in a substantial improvement and reasonably good 
accuracy in LBD risk estimation. 

Possibility 3: Neither trunk motion nor trunk motion combined with under-the-foot fore 
data seems adequate to accurately assess LBD risk over a workday, suggesting that alternative 
risk assessment tools may be needed. 

Any one of these conclusions would be interesting, insightful, and actionable with respect 
to the potential application of wearable sensors to automate ergonomic risk assessment for the 
low back. 
3.2 Methods 
3.2.1 Overview 

The study was accomplished in five stages. First, we analyzed an existing dataset[15] 
which contains full-body 3D (three-dimensional) motion capture and bilateral ground reaction 
force data from 10 individuals performing a range of lifting tasks to obtain lab-based estimates of 
lumbar moment (an indicator of low back loading). Second, we trained a machine learning 
algorithm to estimate peak lumbar moment during each lift using only trunk motion signals 
(which we refer to as the Trunk signals and algorithm) and then using trunk motion and force 
under the feet (Trunk+Force signals and algorithm). For this analysis, we used idealized 
wearable sensor signals, meaning that data from laboratory instrumentation were converted into 
signals reasonably obtained from wearable sensors (rationale detailed below). Third, we 
converted the peak lumbar moments into peak load moments to use as inputs to the ergonomic 
assessment tool, LiFFT. Fourth, we simulated 10,000 material handling workdays based on 
randomly selected lifts and used LiFFT to compute LBD risk. Fifth, we evaluated the accuracy 
of the Trunk and Trunk+Force approaches by comparing their estimates of LBD risk during each 
simulated workday to lab-based (ground truth) estimates of LBD risk. 
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3.2.2 Data collection and processing 
We reanalyzed a subset of an existing dataset[15] in which 10 participants performed 

manual material handling tasks. For details of the experimental protocol and reasoning, see 
Matijevich et al.[15]. We selected the 50 tasks involving symmetrical lifting of objects of 
different weights (5–23 kg) from different heights (40–160 cm above the ground) to simulate 
jobs of varying physical demands. Ground reaction forces and the center of pressure under each 
foot were collected with force plates (Advanced Mechanical Technology Inc., Watertown, MA, 
USA). Full-body kinematics were collected simultaneously from a 3D motion capture system 
(Vicon, Oxford, UK). Body segmental and joint kinematics were estimated from the motion 
capture data and rigid-body inverse kinematics in Visual3D (C-Motion, Germantown, MD, 
USA) software. Lab-based lumbar moment was estimated using bottom–up inverse dynamics, 
which prior studies have found to be in good agreement with top–down inverse dynamics during 
lifting[17], [87]. We refer to these lumbar moments as lab-based (or ground truth) estimates 
since we used comprehensive 3D kinetic and kinematic data from laboratory instrumentation. In 
contrast, the Trunk and Trunk+Force lumbar moment estimates (detailed below) only used a 
small subset of signals to reflect wearable sensor measurement capabilities. 

All participants gave written informed consent to the original protocol, which was 
approved by the Institutional Review Board at Vanderbilt University (IRB #141697). 
3.2.3 Algorithm development 

We trained a gradient boosted decision trees machine learning algorithm to estimate 
lumbar extension moment using methods similar to Matijevich et al[15]. This algorithm 
estimates the target metric by building a series of decision trees in stages. Each stage seeks to 
optimize the final prediction by estimating the residual error of the predictions from the previous 
stage. The final algorithms produced the lumbar moment estimates based on a series of 
approximately 100 trees. We used scikit-learn library and Amazon SageMaker, a cloud-based 
machine learning platform, for algorithm development, model training, and evaluation. 

The lumbar extension moment during lifting was chosen as the target metric because it is 
an indicator of loading on the lower back and can be adapted to be an input to an established 
ergonomics assessment tool, LiFFT (see Section 3.2.3), to estimate cumulative damage and 
injury risk to the low back[3], [9]. We estimated the time-series target lumbar moment from lab-
based data[15], ], as detailed in Section 3.2.1. This resulted in a lookup table for each participant 
containing a lab-based peak lumbar moment estimate for each lifting task completed. 

We used idealized wearable signals as inputs to train each algorithm. Idealized wearable 
signals refer to motion lab data converted into time series signals that can be feasibly obtained 
from wearable sensors[14], [15]. Using idealized wearable signals enabled us to address the 
questions outlined in the Introduction in the most fundamental and generalizable way, without 
being limited by the quality of existing wearable sensor hardware or their calibration methods, 
and without narrowly evaluating a single product. When using actual wearable sensors—
specifically pressure insoles—task- and hardware-specific calibration methods are typically 
required to obtain accurate and reliable force estimates[16]. However, developing these 
calibrations is complex and time-consuming. Therefore, our approach was to first evaluate and 
understand the expected necessity of pressure insole data in this current study using idealized 
wearable signals. The results of this study would inform which types of wearable sensors are 
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needed and provide the basis for deciding whether to invest time into developing custom 
pressure insole calibrations. 

We trained two separate algorithms using two different sets of signals: the first algorithm 
used Trunk signals as inputs, and the second algorithm used Trunk+Force signals as inputs. IMU 
sensors estimate orientation in the global coordinate system. IMU angle estimates are strongly 
correlated with angles obtained from 3D motion capture[88], [89]. Therefore, Trunk input 
signals were composed of 3 directional orientation angles, accelerations, and angular velocities 
in the global coordinate system, which were approximated using 3D motion capture. Pressure 
insoles estimate ground reaction force and the center of pressure in the foot’s coordinate system. 
These have been found to be correlated with force plate data[90], [91]. Thus, Force input signals 
were composed of a 1D force vector and the center of pressure in the mediolateral and 
anteroposterior directions, approximating signals that can be obtained from pressure insoles. The 
center of pressure from the force plate was transformed into the foot’s coordinate system, and the 
1D force vector under each foot was obtained by projecting the 3D ground reaction force from 
the force plate onto a vector normal to the foot. 

To train each algorithm, we used cross validation by participant[55]. In other words, the 
data from 9 participants were used to train the algorithm, and then the trained algorithm was 
applied to the 10th participant’s data to estimate lumbar moment[55]. This process was repeated 
for all 10 participants, resulting in two lookup tables per participant, one for each wearable signal 
condition (Trunk, Trunk+Force), containing the lumbar moment estimates for each lifting task. 
Cumulative damage and injury risk estimated from fatigue failure models are driven by high load 
magnitudes[4], [9], [40]. Therefore, to improve estimates of the larger lumbar moments and 
avoid overfitting lower lumbar moments (e.g., during upright standing), we applied a minimum 
threshold of 100 Nm on the target metric when training each algorithm. As such, only data points 
where lumbar moments were above 100 Nm were included in the training dataset, prioritizing 
trained algorithm performance at the high lumbar moment magnitudes that occur during lifting. 

Peak lumbar moment lookup tables were then converted into peak load moment lookup 
tables. Peak load moment is another low back load metric and the specific input required by 
LiFFT[9], [86]. This conversion from lumbar moment to load moment was achieved by 
subtracting out moment contributions from the upper body orientation and acceleration, and 
calculations are explained in detail below. 
3.2.4 Converting lumbar moment into load moment 

The peak load moment (MLoad,i) was calculated during each ith lift[9], [86] to assess 
LBD risk using LiFFT. Load moment (MLoad) is defined as the time-series moment created 
about the lumbar spine by the object lifted and calculated by multiplying the weight of the object 
by the horizontal distance from the object to the lumbar spine (L5/S1). Peak load moment refers 
to the maximum load moment during a lift. However, the machine learning algorithm from 
Matijevich et al[15] and summarized in Section 3.2.2 was trained to estimate lumbar moment 
(MLumbar). Lumbar moment includes moment contributions due to the weight of the lifted object 
(MLoad), the linear acceleration of the upper body and object (MLinear ), and the rotational 
acceleration of the upper body (MRotation ). Thus, to estimate load moment, we performed the 
following calculation: 

MLoad =  MLumbar  −  MLinear  −  MRotation   (𝐸𝐸𝐸𝐸𝐸𝐸 3.1)  
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MLinear = mHATgL +  mboxaL   (𝐸𝐸𝐸𝐸𝐸𝐸 3.2)  

MRotation  =  Iα   (𝐸𝐸𝐸𝐸𝐸𝐸 3.3)    

L is the horizontal distance from the lumbar spine to the center of the mass of the head–
arms–trunk (HAT), estimated using anthropometric tables [92]. The dataset did not include 
markers on the box; thus, we assumed that the object lifted was accelerating at the same rate as 
the upper body and was being held close to the center of the mass of the upper body. mHAT is the 
mass of the HAT, estimated using anthropometric tables[92]. mbox is the mass of the object 
being lifted in the analyzed trial. a is the acceleration of the upper body, estimated with the 
idealized trunk IMU signals. I is the moment of inertia of the HAT, estimated using 
anthropometric tables[92], assuming that the HAT is a rectangular prism. α is the angular 
acceleration of the upper body, estimated using the idealized trunk IMU signals. These 
assumptions seemed reasonable for the lifting tasks performed because the mass of the upper 
body is much larger than the mass of the box, meaning that the contribution of the box to MLinear 
is expected to be small by comparison. See Section 3.4.4 for more discussion about this topic, 
including post hoc analyses that provided additional support for these assumptions being 
reasonable. 
3.2.5 Simulated workdays 

We explored 1000 simulated workdays per participant using LiFFT and empirical data 
from the peak load moment lookup tables. A simulated workday consisted of 800 to 2000 
randomly selected lifts from the lookup table. For each lift (i), we extracted the peak load 
moment (MLoad, i) from the lookup table (lab-based, Trunk, or Trunk+Force), then used it as an 
input to LiFFT[9], [86]. The cumulative damage over all lifts (D) was computed and then used to 
estimate the LBD risk for a simulated workday[9], [86]. 

D =
1

902416
� e0.038�MLoad, i�+ 0.32
n

i=1

   (𝐸𝐸𝐸𝐸𝐸𝐸 3.4)  

LBD risk (R,  Equation (5)) was computed using a binary logistic regression equation 
previously developed using epidemiological databases with injury prevalence categories[79], 
[80]. The term LBD risk refers to the probability of being in a high-risk job (not the probability 
of someone being injured). This definition originates from the epidemiological databases used to 
validate LiFFT[79], [80]. 

R =  
eY

1 + eY
   (𝐸𝐸𝐸𝐸𝐸𝐸 3.5)  

Y = 1.72 + log10(D)   (𝐸𝐸𝐸𝐸𝐸𝐸 3.6)  

For each simulated workday, LBD risk was computed separately from the lab-based, 
Trunk, and Trunk+Force lookup tables. In total, this simulated workday analysis resulted in a 
1000 × 3 table of LBD risk results for each participant, where each row corresponded to one 
simulated workday, and the three columns were three conditions (lab-based, Trunk, and 
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Trunk+Force). An overview of the lab-based data analysis, algorithm development, and LBD 
risk assessment is provided in Figure 5. 

 
Figure 5:Lab-based and idealized wearable LBD risk analysis and evaluation overview. This workflow 
shows how data were processed to estimate LBD risk from the lab-based and idealized wearable (Trunk 
and Trunk+Force) signals 

To evaluate the accuracy of LBD risk estimates from Trunk and Trunk+Force algorithms 
relative to lab-based LBD risk estimates (Figure 5), we calculated the root mean square error 
(RMSE) for each participant across all workdays. We then calculated the between-participant 
average RMSE. 

To help answer the question of whether Trunk+Force signals improve injury risk 
assessment accuracy relative to Trunk signals alone, we performed a statistical analysis to 
compare RMSE results between conditions. First, a Kolmogorov–Smirnov test was used to 
confirm normal distribution of the RMSE results. Subsequently, a dependent (paired-samples) t-
test was performed to compare RMSE from Trunk vs. Trunk+Force algorithms. The p-value and 
effect size (Cohen’s d) were calculated. The Pearson correlation coefficients (r) between the lab-
based and Trunk LBD risks and between the lab-based and Trunk+Force LBD risks were also 
computed. 

To gain insight into the practical significance of different levels of accuracy, we 
computed an additional summary metric: the percentage of simulated workdays where Trunk or 
Trunk+Force LBD risk estimates were within ±10% of the full-scale lab-based LBD risk 
assessment. For instance, if lab-based (ground truth) LBD risk was 65%, then Trunk or 
Trunk+Force estimates between 55% and 75% would be within ±10% based on this metric. 
3.3 Results 

Examples of wearable Trunk and Force data during lifting are shown in Figure 6.  
Using Trunk+Force signals, LBD risk was estimated with an average RMSE of 4.7% 

compared with lab-based estimates (Figure 7, Table 3). LBD risk estimated with Trunk+Force 
signals was within ±10% of the lab-based estimates for 87.2% of all simulated workdays (Figure 
8, Table 4). 

Using Trunk signals only, LBD risk was estimated with an average RMSE of 15.8% 
(Figure 7, Table 3), which was a significantly larger error compared with using Trunk+Force 
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signals (p < 0.01, d = 4.2). LBD risk estimated with Trunk signals was within ±10% of the lab-
based estimates for 50.9% of the simulated workdays (Figure 8, Table 4). 

The Trunk+Force estimates of LBD risk were strongly correlated with lab-based 
estimates, with participant-specific correlation coefficients ranging from r = 0.93 to 0.98 (Figure 
9B, Table 5). The Trunk LBD risk estimates were weakly or moderately correlated with the lab-
based estimates, with participant-specific correlation coefficients ranging from 0.20 to 0.56 
(Figure 9A, Table 5). 
 

 
Figure 6: Examples of idealized wearable Trunk and Force data. Shown are examples of lifting tasks 
performed by a representative participant. The top row of plots shows two trials: one lifting 5 kg and one 
lifting 15 kg, both from the same height off the ground. Peak trunk angle is similar (A), but the force 
under the feet is higher for the heavier object in these trials (B). The bottom row of plots shows two trials: 
both involve lifting an object of the same weight, but one is lifting from 40 cm and one from 160 cm 
above the ground. Peak trunk angle is larger when lifting from a lower height (C), whereas peak force 
under the feet is similar in these trials (D). 
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Figure 7:RMSE of the LBD risk calculated from Trunk and Trunk+Force signals compared with the LBD 
risk obtained from lab-based estimates. Each color represents a different participant (P). Lines are shown 
to easily visualize differences for each participant. 

 

 

 
Figure 8:The percentage of simulated workdays that had LBD risk estimates within ±10 of the lab-based 
estimates (green) vs. overestimated (dark blue) or underestimated (light blue) by >10%. 
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Table 3: Participant-specific results showing errors (RMSE) in LBD risk estimates during simulated 
workday analysis. RMSE is shown for Trunk and Trunk+Force estimates compared with lab-based 
estimates. 

RMSE in LBD Risk Estimates 

Participant Trunk Trunk+Force 

1 12.3% 5.3% 

2 20.7% 4.1% 

3 15.8% 4.2% 

4 14.3% 7.4% 

5 19.9% 3.9% 

6 18.5% 5.8% 

7 16.3% 4.1% 

8 13.7% 4.8% 

9 11.5% 5.7% 

10 16.4% 3.9% 

Avg 15.8 ± 2.3% 4.7 ± 1.1% 
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Table 4: Participant-specific accuracy results showing how often LBD risk estimates from Trunk and 
Trunk+Force estimates were within 10% of lab-based LBD risk estimates. 

Within 10% of Lab-Based LBD Risk 

Participant Trunk Trunk+Force 

1 59.9% 90.0% 

2 37.8% 86.9% 

3 59.5% 90.7% 

4 39.5% 86.0% 

5 44.2% 86.2% 

6 39.8% 84.2% 

7 64.8% 78.5% 

8 40.6% 90.3% 

9 64.9% 89.7% 

10 58.5% 89.4% 

Avg 50.9 ± 11.5% 87.2 ± 3.8% 
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Table 5:Participant-specific results showing the correlation between LBD risk estimates from Trunk and 
Trunk+Force estimates and the lab-based LBD risk estimates. Average correlation coefficients were 
computed by transforming Pearson correlation coefficients (𝑟𝑟) for each participant to Fisher z scores. The 
average Fisher z score was computed and then transformed back into a Pearson correlation coefficient for 
reporting. 

r2 Compared with Lab-Based LBD Risk 

Participant Trunk Trunk+Force 

1 0.41 0.93 

2 0.20 0.96 

3 0.56 0.98 

4 0.49 0.97 

5 0.50 0.94 

6 0.42 0.95 

7 0.53 0.96 

8 0.56 0.94 

9 0.55 0.98 

10 0.45 0.93 

Avg 0.48 0.97 
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Figure 9: LBD risk estimates from (A) Trunk (r = 0.48) and (B) Trunk+Force (r = 0.97) each vs. lab-
based estimates of LBD risk. Each color represents a different participant (P), and each data point a 
different simulated workday. The black line is a unity line representing perfect estimates of LBD risk and 
is provided for visual reference. Participant-specific correlation coefficients are provided in Table 3. 

3.4 Discussion 
We found that combining trunk motion with under-the-foot force data meaningfully 

improved the accuracy of LBD risk estimates compared with using only trunk motion data. 
Trunk estimates of LBD risk were not strongly correlated with ground truth LBD risk estimates 
obtained using lab-based instrumentation (Figure 9A). Trunk motion may inform injury risk due 
to high-risk postures but did not accurately estimate or correlate with LBD risks due to repetitive 
lifting and musculoskeletal loading. For an individual workday, it was a coin flip (50% chance) 
as to whether the Trunk-based estimate would be within 10% of the lab-based LBD risk; 
however, by adding under-the-foot force data, this increased to nearly 90% (Table 4, Figure 8). 
Furthermore, Trunk+Force estimates correlated strongly with LBD risk across a large range of 
workday intensities (Figure 9B). Force under each foot provides critical information that can 
distinguish if a person is lifting a heavier vs. lighter object—which in turn improves LBD risk 
estimates. In practice, one way this force information can be obtained is with pressure-sensing 
insoles. These results highlight the potential for combining pressure-sensing insoles with a single 
IMU on the trunk to accurately perform remote and/or automated ergonomic assessment of LBD 
risks during lifting-intensive material handling jobs. 
3.4.1 Insights on LBD risk accuracy and wearable system complexity 

A key contribution of this study is that the analysis and simulations provided insight into 
which sensor signals are needed to accurately assess LBD risks. As discussed in the Introduction, 
it was unknown what level of biomechanical (e.g., lumbar moment) accuracy would be sufficient 
for workplace risk assessment. Furthermore, it was difficult to determine what might be good 
enough until we understood the impact on LBD risk estimates, which we quantified for the first 
time in this study. Our interpretation of the results is that Trunk motion signals alone are not 
sufficient to provide accurate estimates or reliable indicators of LBD risk when assessed using 
LiFFT. In contrast, the Trunk+Force estimates are promising because they provide more accurate 
estimates of LBD risk (Table 3) that are strongly correlated with lab-based LBD risk estimates 
(Figure 9B). 
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Adding pressure insoles to a wearable system does introduce additional implementation 
complexities and practical considerations. The current state of ergonomic assessment typically 
involves a safety professional with a clipboard and a tape measure, or a video camera (often still 
with oversight by a safety professional), or one or more IMU sensors worn by workers. Pressure 
insoles add some practical challenges relative to an IMU alone, for instance, related to needing a 
range of insoles that fit different shoe sizes and shapes and additional battery power and data 
storage demands. However, many commercial-off-the-shelf pressure insole products already 
exist, indicating that these challenges are manageable during product development and 
commercialization. Pressure insoles also add a few technological challenges. Most notably, 
pressure insole measurement accuracy and precision are common challenges[16], [93]. Previous 
work has explored a variety of ways to improve pressure insole force estimates through advanced 
calibration techniques and processing methods, such as using transfer functions[41], neural 
networks[44] or multistage linear regression[16]. Nonetheless, there continues to be room for 
innovation and advances in pressure insole calibration and signal processing to further improve 
force estimation accuracy and precision. 

It is helpful to acknowledge that combining pressure insoles and a single IMU sensor is 
not technologically complex when compared with technologies commonly used in material 
handling environments, such as autonomous mobile robots, automated storage and retrieval 
systems, robotic arms, advanced forklifts, autonomous inventory robots, warehouse management 
systems, and wearable mobile computers. Likewise, from a biomechanics research and wearable 
sensor perspective, a two-sensor system is relatively sparse Common challenges exist for all 
wearable sensor systems, including single IMU systems, such as wearability, ease of 
donning/doffing, fit (e.g., onto different body shapes), compatibility with work gear and 
environment, and consistent placement on the body. However, the recent growth and adoption of 
workforce wearable technologies indicates that these challenges can be managed [94]and simple 
compared with most alternative and previously used sensor sets[15], [17], [18]. Common 
challenges exist for all wearable sensor systems, including single IMU systems, such as 
wearability, ease of donning/doffing, fit (e.g., onto different body shapes), compatibility with 
work gear and environment, and consistent placement on the body. However, the recent growth 
and adoption of workforce wearable technologies indicates that these challenges can be 
managed[94]. Thus, we expect that there are various environments and use cases where 
Trunk+Force signals, such as obtained with an IMU and pressure insoles, would be practical to 
collect and could be beneficial in terms of automating ergonomic risk assessment. 
3.4.2 Benefits and drawbacks to single IMU systems 

A single IMU system is simpler to don and doff, has lower battery power requirements, 
and does not need to accommodate different foot/shoe sizes as with pressure insoles. Several 
commercial wearable systems (e.g., StrongArm Fuse, Soter Analytics Clip&Go, Kinetic Reflex) 
take advantage of this relative simplicity using a single IMU mounted on the trunk or waist to 
provide useful insight and/or feedback on high-risk postures. 

Matijevich et al. (2021)[15] found that single trunk IMU systems can provide moderate 
accuracy for estimating time-series lumbar moments but tend to perform worse during higher 
musculoskeletal loading, which are often the instances of highest ergonomic interest. The current 
study results corroborate this limitation of trunk IMU systems by demonstrating the impact on 
LBD risk estimation. For instance, in Figure 9A, an LBD risk of 40% as estimated by the Trunk 
algorithm corresponded to ground truth (lab-based) LBD risks during a workday ranging 
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anywhere from 17% to 78%. Thus, the Trunk system might identify two workdays as having 
similar risk when a worker experienced much different risks. Such large variance could 
potentially negate or limit the benefit of personalized, wearable monitoring of LBD risk using a 
single IMU. 

This observation also highlights another issue: although machine learning and advanced 
algorithms receive much attention in the scientific literature and popular press, they are 
fundamentally limited by the signals they are given during training and use. Selecting an 
appropriate subset of sensors for a given application is paramount and provides the foundation on 
which successful algorithms are built and actionable insights are gleaned. This exemplifies why 
in our research progression (i.e., Matijevich et al., 2021, followed by this current study) we have 
initially focused our efforts on identifying the critical subset of sensor signals for LBD risk 
assessment while trying to balance accuracy and practicality of the wearable solution. 

We dug deeper into the results and discovered that for lifting-intensive work, the main 
function and benefit of a trunk IMU for monitoring LBD risks may simply be estimating 
(counting) the number of bends or lifts performed each day. This is analogous to how a 
pedometer (step counter) counts steps per day as a rough proxy or indicator of physical activity, 
but without capturing or elucidating differences in speed or intensity (e.g., running vs. walking). 
In postprocessing, we found that the Trunk LBD risk estimates were strongly correlated with the 
number of lifts completed during each simulated workday (Figure 10B, r = 0.78) and weakly 
correlated with the average bend angle during lifting (Figure 10A, r = 0.33). To further explore 
the potential predictive value of a “lift-counter”, we reran the simulated workday analysis 
(detailed in Methods) but assumed that the damage from each lift was constant. This effectively 
assumed that every lift was of the same nominal weight (corresponding to a peak load moment of 
75 Nm). This algorithm counted the number of lifts performed each workday, then computed the 
cumulative damage and LBD risk. With this “lift-counter” algorithm, we found an average LBD 
risk RMSE of 20% compared with lab-based estimates, which was only slightly higher than the 
16% error seen when using Trunk signals. 
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Figure 10: LBD risk estimates from Trunk signals are plotted as a function of (A) average trunk bend 
angle and (B) number of lifts during each simulated workday. The number of lifts performed in a 
simulated workday was strongly correlated (r = 0.78) with the Trunk LBD risk estimate of that day, 
whereas the average bend angle was weakly correlated (r = 0.33). Each color represents a different 
participant (P), and each data point a different workday. 

3.4.3 Limitations 
The limitations of this work should be considered and understood within the context that 

this study is one within a progression of experimental and computational studies. Collectively, 
these studies aim to develop science-based wearable sensor systems that are sufficiently accurate 
for remote ergonomic risk assessment and sufficiently practical to be translated into real-world 
use, ultimately to help reduce workplace injuries. Each individual study is limited in scope to 
address specific questions and to motivate next steps in research and technology development. 
Previously, Matijevich et al. (2021) identified the minimum sensor set (Trunk+Force) 
recommended to accurately estimate biomechanical load (time-series lumbar moment). This 
current study builds upon the prior work by evaluating the accuracy of this sensor set in terms of 
quantifying LBD risk over a full workday, which further informed and validated the potential of 
Trunk+Force wearable systems. Future work in this research progression is expected to 
implement and operationalize these algorithms in fully wearable systems (e.g., field-testable 
prototypes, commercial-grade products) to develop hardware-specific calibrations for pressure 
insoles and to evaluate algorithm performance during workplace studies or ergonomic 
assessments on workers. 

The first limitation of this study is that we used idealized wearable signals to develop and 
evaluate the algorithms. Idealized wearable signals were beneficial for this early-stage research 
because they allowed us to explore the effects of different sensor signal combinations without 
being limited by the quality or accuracy of a single exemplary wearable sensor (e.g., a single 
product make/model)[14] or its default calibration. Actual wearable signals (from real wearable 
sensors) are expected to exhibit noise, errors, or drift that are not present in these idealized 
signals, but these can be managed or calibrated. In our previous work using wearable pressure 
insoles and an IMU on the foot to estimate tibial bone force during running[16], we initially 
obtained poor results from real wearable sensors and default (manufacturer) calibrations. Had we 
stopped there, we would have concluded that a system comprising a pressure insole and IMU 
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could not accurately estimate tibial bone force. However, because we first analyzed idealized 
wearable sensor signals, we knew that the reason we were obtaining inaccurate results was not 
the combination of signals but rather the noise and variability in the real wearable sensor signals. 
We therefore created custom calibrations for the pressure insoles, which improved our estimation 
accuracy to a level close to that of idealized wearables[16] and ultimately led us to conclude that 
tibial bone forces can be monitored accurately using real, shoe-worn wearable sensors. 

Second, there are other tools and models that can be used to evaluate LBD risk due to 
repetitive lifting, such as the NIOSH lifting equation. However, the NIOSH lifting equation[10] 
requires additional inputs that are more difficult to ascertain or collect with wearable sensors, 
such a coupling factor detailing the grip on the object. To capture this coupling factor would 
require a more complex system with additional sensors, which could be impractical to 
implement, and we wanted to maximize practicality for real-world use. LiFFT was therefore 
selected as a LBD risk assessment tool that we believed would be more directly compatible and 
implementable with wearable sensors and algorithms, and which has potential utility for the 
evaluation of other workforce wearable technologies, such as exoskeletons[86]. 

Third, the algorithms and simulations presented were for a finite subset of lifting tasks. 
However, these lifting tasks were relatively broad and selected because of their relevance to 
many material handling jobs (e.g., in warehouses, distribution, or fulfillment centers), where low 
back overexertion due to repetitive lifting is expected to be the dominant contributor to 
cumulative damage and fatigue of the lower back[15], [95]. For other jobs where the weight of 
objects lifted, lifting techniques (symmetrical vs. asymmetrical) or frequency of lifts differs 
substantially from those evaluated in this study; then it may be beneficial to repeat workday 
simulation analysis or retrain LBD risk estimation algorithms using those different parameter 
ranges or lifting techniques. 

Fourth, peak load moment was estimated based on the assumption that the object position 
and acceleration tracked with the motion of the participants’ trunk (Section 3.2.3). To assess 
whether this was reasonable and appropriate, we performed two sub analyses. One is presented 
in Appendix 3A, where we reran our analysis using lumbar moment instead of load moment. The 
lumbar moment calculation does not include any assumptions about box motion, yet this analysis 
resulted in the same main findings and conclusions as when using load moments. Next, we 
performed a supplemental analysis on a subset of lifting data using the position and acceleration 
of the hands as a surrogate for the box’s motion. Thus, we did not assume the box distance and 
acceleration tracked with the trunk. We found that using hand motion resulted in a minimal 
change (<5%) in peak load moment, as compared with using the approach summarized in 
Section 3.2.3. Collectively, these additional analyses suggest that the assumptions used to 
compute load moment in this study were reasonable, since even when they were removed, they 
had minimal effect on load moment estimates and did not alter the main conclusions. 
3.5 Conclusions 

In conclusion, combining trunk motion with under-the-foot force data markedly 
improved the accuracy of LBD risk estimates compared with using only trunk motion data. 
These results indicate that a wearable system composed of a single IMU on the trunk, pressure-
sensing insoles in shoes, and trained algorithms could be valuable for remote and/or automated 
ergonomic assessment of low back injury risks during material handling. The results also raise 
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fundamental questions and concerns about the adequacy of using trunk motion data alone for 
LBD risk assessment during material handling. 
3.6 Appendix 3A 

In the main text, peak load moment was used to estimate low back loading during lifting, 
as opposed to the total lumbar moment. The benefit of using load moment is that it was the input 
used to validate LiFFT against epidemiological databases[9], [79], [80]. However, the drawbacks 
are that this metric only captures back loading from the weight and location of the object being 
lifted and is obtained through manual measurement or anthropometric generalizations. In 
contrast, lumbar moment is a more complete estimate of low back loading because it captures 
loading due to the object weight, torso weight and posture, and lifting dynamics. However, the 
drawback of using lumbar moment is that it has not been validated against epidemiological 
databases, though it is reasonable to expect that a similar estimate of LBD risk could be derived 
from lumbar moments (pending future epidemiological databases sufficient to train and test such 
a relationship). 

LBD risk estimates derived from peak lumbar moment inputs (as opposed to peak load 
moment) corroborated the findings and conclusions in the main text, specifically that the 
Trunk+Force algorithm performs substantially better than the Trunk algorithm. LBD risk 
estimates using the lumbar moment based on Trunk signals produced an average RMSE of 
19.4% across all participants (Figure 11, Table 6). LBD risk based on Trunk data was only 
estimated within ±10% of the lab-based (ground truth) estimates on 32% of the workdays 
simulated (Table 7). LBD risk using Trunk+Force data estimated using the lumbar moment 
based on Trunk+Force signals produced an average RMSE of 8.5% (Figure 11, Table 6). LBD 
risk was estimated within ±10% of the lab-based (ground truth) estimates on 76% of the 
workdays simulated (Table 7). See the Limitations section of the manuscript for the motivation 
behind this supplementary analysis. 
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Table 6: Participant-specific results showing errors in LBD risk estimates during simulated workday 
analysis using peak lumbar moment. RMSE is shown for Trunk and Trunk+Force estimates compared 
with lab-based estimates. 

RMSE in LBD Risk Estimates 

Participant Trunk Trunk+Force 

1 17.6% 6.4% 

2 22.8% 8.7% 

3 19.5% 10.3% 

4 18.7% 7.7% 

5 22.3% 9.1% 

6 21.2% 9.6% 

7 17.8% 11.9% 

8 19.1% 8.6% 

9 17.4% 5.9% 

10 18.6% 6.8% 

Avg 19.4 ± 1.6% 8.5 ± 1.5%  
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Table 7: Participant-specific results showing how often LBD risk estimates from Trunk and Trunk+Force 
estimates were within 10% of lab-based LBD risk estimates using lumbar moment. 

Within 10% of Lab-Based LBD Risk 

Participant Trunk Trunk+Force 

1 30.2% 83.1% 

2 34.8% 75.7% 

3 34.5% 56.6% 

4 32.9% 83.7% 

5 32.1% 71.7% 

6 32.9% 63.8% 

7 33.5% 67.3% 

8 33.8% 76.9% 

9 21.8% 90.9% 

10 36.4% 87.2% 

Avg 32.2 ± 3.3% 75.7 ± 10.8% 
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Table 8:Participant-specific results showing the correlation between LBD risk estimates from Trunk and 
Trunk+Force estimates and the lab-based LBD risk estimates using lumbar moment. Average correlation 
coefficients were computed by transforming Pearson correlation coefficients (𝑟𝑟) for each participant to 
Fisher z scores. The average Fisher z score was computed and then transformed back into a Pearson 
correlation coefficient for reporting. 

r2 Compared with Lab-Based LBD Risk 

Participant Trunk Trunk+Force 

1 0.57 0.97 

2 0.24 0.93 

3 0.44 0.97 

4 0.44 0.96 

5 0.26 0.94 

6 0.19 0.96 

7 0.58 0.95 

8 0.42 0.95 

9 0.61 0.97 

10 0.41 0.96 

Avg 0.42 0.96 
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Figure 11: LBD risk estimates from (A) Trunk (r = 0.42) and (B) Trunk+Force (r = 0.96) each vs. lab-
based estimates of LBD risk using peak lumbar moment. Each color represents a different participant, and 
each data point a different simulated workday. The black line is a unity line representing perfect estimates 
of LBD risk and is provided for visual reference 
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Chapter 4: Using fitness tracker data to overcome pressure insole wear time challenges for 
remote musculoskeletal monitoring 

 
4.1 Introduction  

Tibia (shank bone) shaft fractures are one of the most common lower extremity fractures, 
and surgical fixation of the tibia is often necessary [96], [97], [98]. Surgical fixation surgeries 
have excellent results in terms of stabilizing the bone, enabling patients to start weight-bearing 
activities soon after surgery [99]. However, despite advances in surgical techniques [100], [101], 
patient recovery 1 year following tibia shaft fixation surgery is often poor and inconsistent, with 
65% of patients reporting an inability to perform pre-injury activities [102], [103]. There is 
converging evidence that it is critical for bone to experience enough loading to stimulate 
remodeling pathways after a fracture [104], [105]. As such, a key role of clinicians after tibia 
fracture surgery is to develop and prescribe rehabilitation programs that progressively load the 
injured bone to stimulate recovery and restore functional abilities [106]. 

One limitation of current rehabilitation programs stems from an inability to monitor how 
patients load their tibia in their daily lives. Patients are seen by clinicians during infrequent 
check-ups and consultations, leaving most of the patients’ daily activity—and associated bone 
loading—unseen and unknown by clinicians. This blind spot hampers a clinician’s ability to 
create and adapt effective rehabilitation programs and to understand other sources of bone 
loading in a patient’s daily life, or whether patients are being too sedentary to stimulate recovery. 
There's a need for tools that offer healthcare professionals better insights into patients' daily tibia 
bone loading, enabling personalized treatment and potentially fostering better care and recovery 
outcomes. 

By integrating wearable sensors and software algorithms, we envision a future of patient 
care that includes at-home patient monitoring of bone loading. We have previously demonstrated 
that data from inertial measurement units (IMUs) and pressure insoles (termed insoles, for short) 
in shoes can be fused in biomechanically-informed machine learning algorithms to estimate tibia 
bone loading within 6% of traditional lab-based estimates [14], [16]. Collectively, we refer to 
these as wearable sensor systems (hardware and software), and we believe they have the 
potential to revolutionize patient care by providing clinicians with continuous and personalized 
data on how patients are loading their tibia bone at home after surgery. However, there are still 
technical and practical challenges and scientific questions to answer before this vision can be 
realized. 

One of the main challenges impeding the use of wearable sensor systems to remotely 
monitor bone loading in individuals over multiple days or weeks is the amount of daily sensor 
wear time. Musculoskeletal recovery and remodeling [107], [108] are dependent on the volume 
and intensity of tissue loading. However, the amount of tissue loading measured depends on how 
much time the patient wears the sensors. While a typical adult may be awake for roughly 17 
hours per day[109], previous work observed that patients only wore insoles for between 4-5 
hours per day, in part because people do not wear shoes during every waking hour. Furthermore, 
the insole wear time varied widely day-to-day and between patients[110]. Thus, wearable sensor 
systems relying on in-shoe insoles are only expected to capture a portion of physical activity and 
bone loading each day.  
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There is a need to develop new methods for wearable sensor systems to obtain more 
complete, consistent, and comparable estimates of a patient’s bone loading across multiple days 
during remote monitoring, even if insole wear time varies day to day. Currently, limited or 
variable amounts of insole wear time can impede our ability to accurately monitor daily 
accumulated musculoskeletal loading. For instance, if a patient is physically active for 6 hours 
but only wore insoles for 3 of those hours, then data from the insoles will underrepresent the 
loading experienced for that day. Now if that same patient were to perform the same amount of 
physical activity the following day but wore the insoles for the entire 6 hours, then the insoles 
would report double the loading, even though the loading was the same on both days. This 
example illustrates the problem we aim to address. 

Fitness trackers are popular consumer devices that measure physical activity metrics, and 
while they cannot monitor bone loading, they have the potential for much longer wear times. The 
high-level metrics from these devices could potentially be used as inputs to trained algorithms to 
extrapolate tibia bone loading during periods when patients are not wearing insoles. Previous 
research demonstrates encouraging all-day compliance rates of 90% when participants were 
tasked with daily use of wrist-worn fitness trackers[111]. Fitness trackers use sensors such as 
inertial measurement units (IMUs), global positioning systems (GPS), optical heart rate sensors, 
and temperature sensors to monitor various physical activity metrics such as step count, heart 
rate, activity, and intensity. These metrics provide a high-level view of an individual’s activity 
and have been used to estimate physical activity intensity [112] and energy expenditure [113], 
[114]. However, we do not yet know how to leverage fitness trackers (e.g., wrist-worn, arm-
worn, ring-style devices) to complement remote musculoskeletal load monitoring derived from 
other body-worn sensors (e.g., insoles) or if fitness trackers can help overcome the patient wear 
time issues with insoles.  

The objective of this study was two-fold. First, we sought to develop a model to estimate 
tibia bone loading solely from fitness tracker inputs to fill gaps in insole data during remote 
collections. Second, we aimed to characterize how errors in daily tibia load estimates increase 
with less insole wear time. The second objective helps inform whether there is a minimum 
amount of time a person needs to wear insoles each day for effective remote monitoring of tibia 
bone loading. 
4.2 Methods  

4.2.1 Overview   

First, we synchronously collected data from in-shoe insoles and a wrist-worn fitness 
tracker on 8 participants in their daily life. Second, we estimated time-series tibia bone loading 
(i.e., force) using the insole data and previously published methods.  

Third, to address objective 1, we trained a model to estimate tibia loading using only 
fitness tracker metrics. The specific output from this fitness tracker model was a metric called 
loading stimulus (LS), which represents the cumulative loading experienced by the tibia bone on 
a minute-by-minute basis. We then compared the LS estimates from the fitness tracker model to 
the LS estimates computed from the insole data to evaluate accuracy of our trained model.  

We were unable to achieve accurate LS estimates using a generic (participant-
independent) model and fitness tracker data. We therefore created a more advanced model with 
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an additional participant-specific calibration to reduce LS errors and variability. Throughout the 
manuscript we refer to these models and their LS outputs as generic and calibrated, respectively.  

Fourth, to address objective 2, we built a data-driven simulation for each participant to 
explore how insole wear time affects the accuracy of daily tibia LS estimates. We summed LS 
estimates over 9-10 hours per participant to compute a Daily Load Stimulus (DLS) summary 
metric. We initially used 100% insole data to estimate LS and DLS, and to represent the best-
case scenario of someone wearing their insoles all day. Next, we ran simulations with varying 
amounts of insole data (e.g., 90% insole data, then 80%, etc.) to represent different insole wear 
time scenarios. We used the calibrated fitness tracker model to fill gaps in the LS estimates. We 
then characterized how DLS estimates changed with decreasing insole wear time, relative to the 
best-case scenario.  

4.2.2 Data collection  

We recruited a convenience sample of 8 participants (4 male, 4 female, aged 21-29 years) 
to take part in this study, and they provided informed written consent following ethical approval 
from the Institutional Review Board at Vanderbilt University. We have previously used a similar 
sample size to develop and demonstrate feasibility of wearable sensor algorithms for 
musculoskeletal monitoring[14], [15], [16], [115]. We equipped participants with a properly 
sized insole (Moticon, OpenGo, Fig. 1) in each shoe and a fitness tracker (Garmin Vivosmart 5, 
Fig. 1) worn on one wrist. Participants wore these sensors for 9-10 hours in their daily life and 
we instructed participants to go about their normal daily activities and keep their shoes on as 
much as practical. Participants were also asked to perform a series of exercises in the lab (for 
about 20 minutes), once in the morning at the start of the data collection and once again in the 
afternoon. These exercises were representative of rehabilitation exercises commonly performed 
during tibia fracture recovery. The insoles continuously collected in-shoe pressure data and 6-
axis acceleration and gyroscope data from an IMU inside each insole at 25 Hz. The fitness 
tracker contains several sensors but only exports certain metrics (detailed below) at 0.017 Hz 
(once per minute). 
4.2.3 Calculating tibial force from the insole data  

We calculated time-series tibial compression force (𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇(𝑡𝑡), also termed loading) of the 
right leg, using the total force (F(t)) and center of pressure (CoP(t)) from the insoles and 
previously established physics-based methods[14], [19] (Eqn 4.1). This insole-based estimate of 
tibial force was used to compute our target LS for all subsequent processes. 

𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇(𝑡𝑡) = 𝐹𝐹(𝑡𝑡) +  
(𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡) − 𝑥𝑥) ∙ 𝐹𝐹(𝑡𝑡)

𝑟𝑟
 (𝐸𝐸𝐸𝐸𝐸𝐸 4.1) 

Where 𝑟𝑟 is the Achilles tendon moment arm relative to the ankle joint center, assumed to 
be a constant 5 cm [14] and 𝑥𝑥 is the horizontal distance that we measured from the back of the 
insole to each participant’s ankle joint center when the shoe was flat on the ground [19].  
4.2.4 Development of a model to estimate tibial load from fitness tracker data  

4.2.4.1 Model inputs  
Model inputs were computed from the fitness tracker. These metrics included activity 

time, step count, scaled steps, activity level, and scaled activity. Each metric was extracted on a 
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1-minute interval using Labfront software (version 1.0.52). These fitness tracker metrics were 
chosen due to their relevance to movements associated with tibial loading during locomotion. 
Scaled features involved multiplying the selected signal (i.e., step count or activity time) by the 
activity level measured by the fitness tracker during the same minute interval.  In the Labfront 
software, activity level was calculated using a proportional integrating method, a measure of 
activity magnitude or motion vigor, defined as the area under the curve of the accelerometry 
signal[116], [117]. Activity time is computed as the duration in which the absolute value of the 
acceleration magnitude from the smart watch exceeded 50 mG. 

4.2.4.2 Model target 
We defined LS, a target bone load metric for the model to estimate. LS represents the 

mechanical stimulus experienced by the tibia over 1 minute. This time interval was selected 
because the fitness tracker we used only exports metrics once per minute. This exponential 
relationship was used to reflect how loading stimulates bone healing processes (e.g., 
remodeling), using 𝑚𝑚=4 as the exponent [118] (Equation 2). There is evidence that load-induced 
tissue damage stimulates biological remodeling [118], [119], [120], [121], and that linearly 
summing loads over time does not accurately reflect the damage experienced [122]. Thus, LS is 
non-linearly related to tibia force in Equation 4.2[5], [122]: 

𝐿𝐿𝐿𝐿 = �� 𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
𝑡𝑡𝑏𝑏

𝑡𝑡𝑎𝑎
�
𝑚𝑚

(𝐸𝐸𝐸𝐸𝐸𝐸 4.2) 

Where ta and tb are 1-minute apart.  
4.2.4.3 Generic model development  
We initially developed a generic model to estimate LS from the fitness tracker metrics. 

We selected LASSO (Least Absolute Shrinkage and Selection Operator) regression as a suitable 
approach for developing our model based on prior success using this type of algorithm to 
estimate tibial bone loading from discrete metrics[14], [16]. The LASSO regression is a 
technique for statistical modeling and machine learning that uses a least squares model with L1 
regularization. This regularization penalizes the sum of the absolute values of the coefficients 
and forces a subset of learned coefficient weights to zero, helping to build more interpretable 
models and prevent overfitting[123]. The LASSO model was trained using k-fold cross 
validation by participant, which means the data from seven participants were used to train the 
model. The model was then applied to the single participant excluded from the training set. This 
process was repeated for each participant [55], resulting in 8 different regressions representing a 
generic model without any prior knowledge of the individual user. 

4.2.4.4 Participant specific calibrations  
We performed an additional calibration step to better estimate LS from fitness tracker 

inputs. We created a second LASSO model for each participant. The inputs to this calibration 
model were the LS estimates from the first LASSO model as well as the fitness tracker metrics. 
The target was the same LS estimate, computed from the insole.  

The LASSO calibration model was trained using a random quarter of the data from that 
participant and then applied to the rest of the data from that same participant (Figure 12). This 
represents a scenario, for instance, where a user worn both their insoles and fitness tracker for 
25% of their day, but then for the remaining 75% of the day they only wore the fitness tracker. 
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See Section 4.2.5 for a deeper analysis of insole wear time effects (i.e., for what happens when 
different percentages of insole data were used for training this calibration model). 

4.2.4.5 Evaluation  
We calculated the coefficient of determination (R2), to evaluate our models and quantify 

the goodness of fit of each model output to the target LS. R2 was calculated between insole 
estimates of LS (target) and those outputted by the generic and calibrated models for each 
participant. If R2 is negative it means that the model fit is worse than a horizontal line that 
consistently estimates the average of the target. If the R2 is equal to 1 it means that the model 
output perfectly predicts the target metric.  
 

 

Figure 12: Signal flow chart. This shows how signals were processed to compute tibial loading stimulus 
estimates from the fitness tracker. Orange represents data from the insole and blue represents data from 
the fitness tracker. 
4.2.5 Simulating how the amount of insole data affects accuracy daily loading estimates  

We built a data driven simulation that estimates daily (i.e., cumulative) LS over an entire 
day. We explored scenarios where insoles were worn only part of the day and the remaining LS 
estimates were computed using the fitness tracker data and calibrated model, per Section 4.2.4. 
LS estimates from periods with insole data were used to train participant-specific calibration 
models. These calibration models were then applied to intervals without insole data to estimate 
LS using the fitness tracker only (Figure 13). Finally, we calculated how the percentage of insole 
data collected each day influenced the daily LS estimated, relative to the best-case scenario of 
having 100% of the insole data to compute LS. 
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4.2.5.1 Daily loading stimulus (DLS)  
Our long-term goal is to develop and validate a new capability that enables remote 

monitoring of individuals after tibial shaft fracture surgery (or potentially other lower-limb 
injuries). We seek to understand how tibial bone loads experienced by patients in daily life 
influence recovery and how bone loading changes over weeks and months. When looking across 
multiple days it is useful to define a cumulative summary metric, which we term Daily Load 
Stimulus (DLS). Daily Load Stimulus is an empirically-derived expression relating tissue 
damage accumulation and the mechanical stimulus for bone remodeling [119], [120], [121], 
[124] (Eqn 4.3 & 4.4). For different movement tasks (e.g., walking, running, jumping), the 
stimulation induced by each task (𝑗𝑗) is related to the stress magnitude 𝜎𝜎𝑗𝑗  and the number of 
loading cycles 𝑛𝑛𝑗𝑗  (e.g., steps).  In some formulations, 𝜎𝜎𝑗𝑗  represents the peak stress for a given 
task (Eqn 4.3) [120], [121], [124] while in other formulations it represents the time-series or 
time-integrated stress (i.e., impulse, Eqn 4.4) [5], [122]. Since localized stress in generally 
impractical to measure in vivo, indicators of stress such tissue force or biomechanical 
moments[14], [15], [16] are often used as inputs to these expressions. The exponent m in Eqns 
4.3 and 4.4 reflects the relative contribution of stress magnitude based on animal and cadaver 
studies, and has typically been assigned a value of 4[118], [119], [120], [121].  
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In our analysis, we used the time-integral method (Eqn 4.4) where every minute of data 

were treated as a unique, discrete task (𝑗𝑗), such that 𝑛𝑛𝑗𝑗  was always 1. Furthermore, 𝜎𝜎𝑗𝑗(𝑡𝑡) was 
approximated using 𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇(𝑡𝑡), such that ∫ �𝜎𝜎𝑗𝑗(𝑡𝑡)�
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for DLS: 
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4.2.5.2 Simulated days  
We simulated 300-400 days for each participant using the empirical data we collected. 

Each simulated day consisted of the total duration of data collection for each participant in the 
study (i.e., 9-10 hours). Simulated days varied in the percentage of insole data used and therefore 
the percentage of the data collection that needed to be filled with fitness tracker estimates of LS. 
We used an incremental sliding window approach, where the time interval captured inside the 
window represented the time the participant wore the insoles on that day. We started with a 30-
minute window size (i.e., 5% insole data for a 10-hour day) and once a window of a given size 
moved across the entire day, the size was increased by 5-minutes. For each simulated day, a 
participant-specific calibration model was created based on the insole and fitness tracker data 
within the sliding window, following the method outlined in Section 4.2.4. This calibration 
model was then applied to the fitness tracker data outside the sliding window, and the process 
was repeated for each simulated day. 

The DLS from each simulated day was calculated by concatenating the insole LS 
estimates from inside the sliding window and the fitness tracker LS estimates from the rest of the 
day (Figure 13), then applying Eqn 4.5.   

   
 

 

Figure 13: Signal flow diagram for simulated days. When insole data are collected, both insole and 
fitness tracker data are used to build a participant-specific calibration model for that simulated day. When 
insole data are not available, fitness tracker inputs are processed through generic model first, then the 
calibration model that was built is applied (dashed line) to estimate the calibrated loading stimulus (LS). 
The daily loading stimulus (DLS) is calculated by combining LS estimates from the insole, when 
available, with LS estimates from the fitness tracker when insole data are absent, then applying Eqn 4.5. 

 



47 
 

4.2.5.3 Evaluation  
The mean absolute percent error (MAPE) for each simulated day was obtained by 

comparing the combined fitness tracker and insole DLS to the DLS estimated from only insole 
data. To summarize the results, the simulated days were categorized into bins based on the 
percentage of available insole data, with each bin representing a 5% of the day increment (e.g., 
0-5%, 5-10%, 10-15%, and so on). For each participant, the average MAPE was calculated 
within each bin. We then averaged these values across participants to obtain the overall mean 
and standard deviation for each bin. 
4.3 Results  

Objective 1: The LS estimates from the generic model showed a poor fit to the target, 
with an average R² of -1.75 (Figure 14, Table 9). In contrast, the calibrated LS estimates 
demonstrated a strong fit, achieving an average R² of 0.76 (Figure 14, Table 9). 

   
Figure 14: Loading stimulus computed from the insole vs (A) generalized and (B) calibrated fitness 
tracker LS estimates. Each color represents a different participant, and each data point a different minute 
of the data collection. The black line represents the perfect relationship between fitness tracker estimates 
and insole measurements.   
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Table 9: Coefficient of determination for generic and calibrated fitness tracker estimates of LS relative to 
insole estimates of LS. 

   Coefficient of Determination  

Participant  Generalized   Calibrated  

1  0.72  0.80  

2  -0.15  0.86  

3  -6.51  0.67  

4  -6.07  0.65  

5  0.40  0.72  

6  -3.51  0.67  

7  0.34  0.85  

8  0.79  0.77  

Average  -1.75±0.71  0.74±0.06  

 
Objective 2: The average error in DLS estimates using only fitness tracker data was 

12.6% and varied between about 5-23% across individuals (Figure 15). This error increased until 
insole data was used from more than about 5% of the day (about 30 minutes), at which point the 
error began to decrease following a pattern similar to exponential decay. The average error in 
DLS estimates decreased below 5% when insole data from 25% of the day (about 2.5 hours) 
were included.  
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Figure 15:   The percentage of insole data used vs. the participant-specific error in DLS estimates during 
simulated days. Errors in DLS are computed relative to the best-case scenario in which insoles are worn 
100% of the day. Each color is the average trendline for an individual participant. The thicker black line 
represents the inter-participant average. 

4.4 Discussion  

We developed a model that estimates tibial bone loading stimulus (LS) directly from 
fitness tracker metrics to support longitudinal, remote monitoring and help overcome insole wear 
time challenges. We found that a generic fitness tracker model did not provide accurate estimates 
of LS (R2 = -1.75), but that by adding an easy-to-implement, participant-specific calibration we 
greatly improved LS estimate accuracy (R2 = 0.76). We then characterized how daily loading 
stimulus (DLS) estimation accuracy changed with reduced insole wear time. Our results 
indicated that wearing insoles 25% of the day (e.g., 2.5 out of 10 hours) was sufficient, with the 
calibrated fitness tracker model, to achieve an average DLS error of under 5%. These findings 
suggest that a multi-sensor approach—where insoles are worn intermittently, and a fitness 
tracker is worn continuously throughout the day —could be a viable strategy for long-term, 
remote monitoring of tibial loading. Below, we discuss the key considerations, potential 
applications, and limitations of implementing this approach in real-world practices.  
4.4.1 Individual variability and the benefits of user-specific calibration  

Individual behaviors pose a challenge for developing a generic model that uses fitness 
tracker data to estimate tibial bone loading across different users. We observed substantial 
variability in fitness tracker metrics between participants during periods of both high and low 
tibial loading. For instance, participants with smaller arm swings during walking recorded lower 
activity levels than those with larger arm swings, even when tibial loading was comparable. 
Similarly, individuals who used a lot of expressive hand gestures during sedentary activities 
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resulted in inflated activity levels, which complicated the identification of true periods of high 
tibial loading.  

We found participant-specific calibrations to be a practical and effective way to improve 
tibial loading estimates. The key was capturing enough simultaneous data—from both the insoles 
and the fitness tracker—for each individual that we could model and account for their unique 
movement patterns (e.g., arm swing magnitude, hand gesture frequency). Importantly, these data 
can be captured easily during a person’s normal daily activities, and without the need for any 
special tasks or instructions. Without participant-specific calibration, insole data from about 60% 
of the day was needed to achieve less than 5% error in DLS (Figure 16). However, with the 
calibration model this decreased to only needing insole data from 25% of the day (Figure 16). 
For a 16-hour awake time this is the different between participants needing to wear insoles (and 
shoes) for almost 10 hours vs. only 4 hours. The former (10 hours) is expected to be prohibitive 
for many users and use cases, whereas the latter (4 hours) aligns with insole wear time by 
patients in a previous remote monitoring study[110]. Thus participant-specific calibrations are 
likely to be a useful, and potentially critical, component of making remote tibial load monitoring 
practical in daily life. 

 

Figure 16: The percentage of insole data used vs. the average error in DLS estimates during simulated 
days when applying the generic model vs. the generic and calibrated model. Errors in DLS are computed 
relative to the best-case scenario in which insoles are worn 100% of the day. Each line represents the 
average across all participants. 

4.4.2 Impacts on clinical patient monitoring  

This new approach combines wearable sensors (insoles and fitness trackers) and trained 
models to obtain more complete daily estimates of bone loading. As discussed in the 
Introduction, we believe these more complete estimates are critical to obtaining comparable bone 
loading estimates across multiple days or weeks. This capability could unlock new possibilities 
for both clinical practice and longitudinal research. 
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This approach will allow researchers to track tibial loading across extended periods, for 
instance, throughout recovery from tibial fracture surgery. Previous work has observed 4-5 hours 
of daily insole wear time, which corresponds to roughly 25-30% of a 16-hour day[110]. With the 
calibrated model developed in this study, this amount of insole wear time each day would be 
expected to result in less than 10% error in DLS estimates (Figure 16). Through the consistent 
monitoring of daily loading over multiple months during recovery from fracture, researchers can 
identify patterns and establish benchmarks for the amount of tibial loading that leads to the most 
favorable outcomes. 

We envision that with this approach, clinicians in the future can make more targeted 
adjustments to rehabilitation plans and optimize exercise regimens or mobility restrictions. 
Rehabilitation can be personalized and informed by real-world data rather than by infrequent 
clinic-based evaluations, generic guidelines, or unreliable patient self-reports. The LS estimation 
model developed in this study could provide clinicians with a more comprehensive view of a 
patient’s bone loading patterns during everyday activities. For example, if a patient consistently 
underloads their tibia during daily activities, clinicians can provide guidance to increase activity 
safely, while avoiding excessive loading that might cause setbacks in recovery. This remote 
monitoring approach represents a significant step toward more personalized and data-driven 
rehabilitation programs.  

4.4.3 Other monitoring applications  

This study focused on monitoring tibial loading that stimulates bone remodeling after 
fracture surgery, but the framework could also be adapted for other applications or 
musculoskeletal tissues. For instance, the same wearable sensors and similarly trained models 
could be tuned to estimate cumulative damage metrics. These have been used in ergonomic and 
sports applications to relate musculoskeletal tissue loading to injury risk [3], [4], [40]. Previous 
research has demonstrated that pressure insoles and IMUs can estimate loading, damage and 
injury risk in running and ergonomic contexts[14], [15], [16], [115].  However, the real-world 
implementation of these methods could have a similar issue, ensuring the consistent use of 
pressure sensing insoles. Fitness trackers more transparent and easier to integrate into daily life 
and could help facilitate longer form data collections. The fitness tracker gap-filling models 
presented herein have potential for broad applicability to any insole-based load monitoring that 
requires full-day or multi-day use. 

4.4.4 Limitations  

There are important limitations with the current study, as well as opportunities for future 
research. First, we collected a convenience sample of 8 participants. This number was informed 
by previous feasibility studies combining wearable sensors and machine learning to estimate 
musculoskeletal loads [14], [15], [16], [115]. The results from this study are promising, but still 
require further investigation to understand generalizability. Second, our participants were all 
healthy individuals within a similar age range (21-29 years). In clinical populations, factors such 
as age, physical fitness, immobilizing boots, and altered movement patterns introduce additional 
complexity. We believe that the development of participant-specific calibration models should 
also work for various patient groups, but further research and validation is warranted for clinical 
use cases. Third, we only collected a single day of tibial loading data and did not assess the 
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repeatability of our method over multiple days. Clinical interventions for tibial shaft fractures 
extend over several months, making day-to-day repeatability of these sensors and models an 
important area for future research. Fourth, we boiled our analysis down to the percentage of the 
day that insoles are worn. However, it is actually more complicated and there are alternative 
ways to define minimum insole wear time guidelines. To expound, our simulations indicated 
that, on average, 2.5 hours of insole data (per 10-hour day) were sufficient to reduce DLS error 
below 10%. However, the DLS accuracy was more dependent on the type of activity during the 
hours when insoles were worn than the duration itself. DLS errors from 2.5 hours of insole data 
ranged from 2.6% to 37.2% across simulated days. For instance, if participants wore the insoles 
while sitting for 2.5 hours, the resulting calibration model would be inadequate for estimating 
loading over the rest of the day. From our simulation, 2.5 hours on average contained enough 
physical activity and loading to build effective calibrations without specific instructions to 
participants. However, future studies should further assess the repeatability of this method, 
ideally in the target clinical population. Finally, we only presented results for the right insole. 
However, we repeated the analysis methods for the left insole, and obtained similar results. 
5 Conclusions  

We found that a wrist-worn fitness tracker coupled with trained models can effectively 
and practically supplement remote monitoring of tibial bone load with insoles, helping to 
overcome insole wear time challenges. 
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Chapter 5: Evaluating the Biomechanical Effects and Real-World Usability of a Novel 
Ankle Exo for Runners 

 

5.1 Introduction 
Achilles tendon overuse is one of the most common running injuries and the most 

devastating in terms of lost training and racing time [125], [126]. From a sample of elite track 
and field athletes it was observed that 43% experienced current or prior symptoms of Achilles 
tendinopathy or tendinitis, with middle distance runners being the most affected at 83% [127]. 
Despite experiencing symptoms, athletes often persist in their sports activities, even though their 
performance may suffer, and there is a risk of worsening the injury if it is ignored [127], [128]. 
Recovery from Achilles overuse injuries is typically prolonged, lasting over a year, and recurrent 
injury is common, especially when return-to-sport protocols are rushed [128], [129]. The clinical 
best practice when rehabilitating Achilles tendon overuse injury is load control, in other words, 
adjusting training to try to limit loading of the tendon post-injury and then progressively re-
loading it [12]. 

Wearable ankle exoskeletons and exosuits (collectively called exos) have been shown to 
reduce Achilles tendon loading in lab-based studies. During running, the lower leg supports a 
substantial ankle joint moment in stance phase [130], [131], [132], [133] and the Achilles tendon 
can experience forces up to 8 times body weight[134], [135]. Ankle exos provide an assistive 
plantarflexion moment at the ankle and act in parallel to the calf musculature [22], [23], [30], 
typically reducing the load on the calf muscles and Achilles by about 5-15% [22], [23]. Ankle 
exos have also been designed to act transparently during swing phase of gait to avoid interfering 
with movement or causing discomfort or fatigue. Though previous ankle exo prototypes have 
focused primarily on walking [22], [23], [136], the biomechanical offloading provided by ankle 
exos could be beneficial for athletes, such as distance runners recovering from Achilles tendon 
injuries. However, the long-term effects of ankle exos on Achilles tendon injury prevention or 
recovery are still unclear due to a lack of real-world, longitudinal experiments. 

Ankle exos developed and tested to date have generally not been practical to use in real-
world running, resulting in knowledge gaps of the longer-term effects of ankle exos. While the 
Achilles offloading benefits of ankle exos are well-established in laboratory settings [22], [23], 
[30], [136], [137], translating these benefits into practical, real-world scenarios remains a 
significant challenge. Powered ankle exo designs contain heavy elements (e.g., motors, battery 
packs) that protrude out from the foot, leg, or waist, limiting their use in the real world. 
Additionally, the need to tune unpowered exos to the user or use condition [23] (i.e., speeds and 
slopes), limits the possibilities of translating devices outside the lab given the complexity of real-
world running, and diverse user populations. Bridging this gap between lab-based research and 
practical application is critical for ankle exos to have societal impact.  

Here we sought to iterate upon previously successful passive ankle exos developed by 
Collins et al. [23] and Yandell et al. [22] with a focus on enhancing practicality and usability 
outside the lab. These exos used a stiff assistance spring that acted in parallel with the biological 
ankle plantarflexor muscles during stance phase and then passively disengaged this spring during 
swing phase to allow natural ankle dorsiflexion without interference. We aimed to retain this 
core capability proven to augment locomotion [22], [23], [30] while addressing key usability 
limitations of these previous designs concerning reliability and user comfort during extended use 
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outside the lab. More specifically, our design objectives were to create a wearable ankle exo 
prototype that (i) functions reliably across common running conditions, (ii) runners find to be 
acceptable for real-world, outdoor use in terms of comfort and feel, (iii) does not impede ankle 
dorsiflexion during the swing phase of running, and (iv) reduces peak force on the Achilles 
tendon during the stance phase of running. 
5.2 Device Design 
5.2.1 Overview 

We developed a new ankle exo prototype (Figure 17) through a multi-month, iterative, 
user-centric design process. While much of the prior academic literature on ankle exos has 
focused on exploring if these devices reduce musculoskeletal loading or energetic cost, or how to 
maximize these reductions, we took a different and more holistic design approach with a primary 
emphasis on usability and comfort, while still providing musculoskeletal offloading. Below we 
summarize the final prototype design, how it functions, and some of the design choices and 
considerations. However, we do not exhaustively detail the iterative design process, or the 
dozens of prototypes that we built and tested along the way, as this is beyond the scope of this 
article. 
5.2.2 Function 

We created a lightweight unpowered ankle exo prototype that engages during stance 
phase to provide an assistive plantarflexion moment via a stiff spring in parallel with the Achilles 
tendon (Figure 17) and disengages in swing phase to avoid restricting natural ankle dorsiflexion.  
5.2.3 Final Prototype 

The exo is a combination of four independent components: the clutch-switch system (for 
turning assistance on and off), the assistance spring (running parallel to the calf muscles), the 
calf sleeve (lower-leg interface), and the shoe frame (foot interface) (Figure 17).  

To accommodate different foot and calf sizes, we built 4 shoe frames for the right foot 
(Men’s size 10 and 11, Women’s size 9 and 10) and two calf sleeves (for different calf sizes). 
The entire ankle exo prototype had a mass between 450-502 grams, depending on shoe frame 
and calf sleeve size. 
5.2.4 Clutch-switch System 

We developed an unpowered mechanical clutch system that engages the assistance spring 
during the stance phase of locomotion and disengages it during the swing phase. This clutch uses 
a switch on the lateral side of the forefoot and the user’s body weight to depress the switch 
(engage assistance) when the foot is on the ground, allowing the exo to properly actuate across 
different speeds and slopes without tuning or active control. The switch connects to the clutch 
via a Bowden cable transmission. During the stance phase of running (when the clutch is 
engaged), the assistance spring stretches as the user dorsiflexes their ankle. This spring stretch 
creates an assistive (plantarflexion) moment about the ankle, which is intended to reduce load on 
the user’s calf muscles and Achilles tendon. The system disengages assistance when the foot lifts 
off the ground, causing the clutch to unlock, so another weaker spring (located inside the clutch) 
is now in series with the assistance spring. The weaker spring is part of a retractable spring 
mechanism (similar to a key chain retractor), which allows the user a free range of motion during 
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the swing phase. The clutch is attached to the shoe frame and provides a 15 cm lever arm about 
the ankle joint. 
5.2.5 Shoe Interface 

We designed the exo such that it can attach to and is removable from a shoe without 
damaging the shoe. The shoe interface consists of an external frame and insert. This interface 
provides an anchor for the clutch and transmits the force from the exo’s assistance spring to the 
foot. The clutch and the switch are mounted to the shoe frame and a semi-rigid insert is 
connected to the frame through attachment points on the lateral and medial sides near the ankle. 
The insert is made of a semi-rigid plastic (Kydex) that is sandwiched between two layers of thin 
woven fabric. 
5.2.6 Leg Interface 

We developed a lightweight calf sleeve made of Kydex on top of soft panels. This sleeve 
attaches to the user and transmits the force of the assistance spring to their lower limb. The 
sleeve is adjustable to accommodate variations in the size and shape of the user’s calf muscle and 
is lined with a high-friction material (Dycem) that prevents migration under load. The calf sleeve 
was designed to distribute force across the surface area of the shank to reduce discomfort. 
5.2.7 Spring 

The assistance spring is an extension spring located on the posterior side of the shank that 
mechanically couples the shoe interface to the leg interface via the clutch. We designed the exo 
prototype so that this spring was swappable (Figure 17). Spring stiffnesses used during 
experimental testing are detailed below in Section 5.3. 
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Figure 17: Overview of Ankle Exosuit design 

5.3 Experimental Methods 
We evaluated the ankle exo prototype in three test stages. The first stage involved each 

participant running with various assistance springs to select the one stiffness that would be used 
by that individual during stage 2 and 3 testing. In the second stage, we assessed biomechanical 
performance using motion analysis lab data from runners at various speeds and slopes on a 
treadmill, both with and without the exo. The third stage involved a 1.9 km (1.2 mile) outdoor 
run to evaluate real-world usability and performance based on survey responses and wearable 
sensor data. We recruited a convenience sample of 10 healthy recreational runners (5 males, 5 
females, Table 10) who ran a minimum of 5 miles per week and wore one of the prototype shoe 
sizes. All participants completed stages 1 and 2. A subset of 7 participants completed the stage 3 
(outdoor) testing. Participants wore Brooks Ghost running shoes (Figure 12) for each stage. Each 
participant provided informed consent and ethical approval was obtained from the Institutional 
Review Board at Vanderbilt University. 
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5.3.1 Stage 1: spring selection 
The purpose of the spring selection protocol was to allow the participant to acclimate to 

the exo assistance and to select an assistance spring that produced a peak exo moment close to 
10% of the user’s peak ankle moment during moderate running on level ground. Since ankle 
moment is primarily generated by the calf muscles in series with the Achilles, reducing ankle 
moment by 10% equates to about a 10% reduction in the tendon force [138]. This design target 
was selected because a 10% reduction in peak force on a tissue typically results in 50-80% less 
microdamage, and microdamage accumulation is believed to underly overuse injuries [3], [5]. 
Participants completed a series of running trials at different speeds (1.2 and 2.7 m/s), slopes (0°, 
6°, and -6°), and exo conditions (No Exo, Exo with weaker assistance, and Exo with stronger 
assistance). We had three spring stiffness options to choose from (5.4, 9.6, and 12.9 kN/m), 
however, for each participant we chose only two stiffnesses for acclimation to avoid an excessive 
study duration. The two spring stiffnesses chosen for stage 1 were based on user body weight 
and body height demographics.  

We collected laboratory-based kinetic and kinematic measures using a force-
instrumented treadmill (Bertec, 1000 Hz) and a 10-camera optical motion capture system (Vicon, 
100 Hz) with a unilateral knee-down marker set applied to the shanks and feet. We estimated 
sagittal ankle moment using rigid body inverse dynamics that combined ground reaction forces 
and lower body kinematics (C-Motion, Visual3D). The exo moment about the ankle was 
estimated using spring constants, measured spring displacement from motion capture, and the 
exo’s lever arm with respect to the ankle joint center. We chose the assistance spring that 
produced an average peak exo moment closest to 10% of the average peak ankle moment during 
level running at 2.7 m/s to use for all subsequent testing (Table 10). 
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Table 10: Participant demographics and spring selection 

Participant Sex Mass (kg) Height (m) Spring Selected (kN/m) 

P01 M 79.5 1.78 9.6 

P02 M 92.4 1.90 12.9 

P03 F 58.4 1.67 5.4 

P04 M 88.0 1.85 12.9 

P05 F 67.2 1.68 5.4 

P06 F 65.3 1.66 9.6 

P07 M 79.1 1.83 9.6 

P08 M 77.5 1.81 9.6 

P09 F 59.3 1.71 5.4 

P10 F 79.8 1.74 9.6 

 

5.3.2 Stage 2: lab testing 
The purpose of the lab-based protocol was to evaluate the biomechanical effects of the 

exo during running. We collected full lower body 3D motion data, calf muscle electromyography 
(EMG), and bilateral ground reaction forces using lab-based instrumentation from 10 
recreational runners (5 males; 5 females). To determine whether we satisfied the design goals we 
extracted outcome metrics from the collected kinematic, kinetic, and EMG data.  

5.3.2.1 Lab-based data collection and analysis 
Participants completed a series of 30-second trials at different speeds (1.2, 2.7, and 3.7 

m/s), slopes (0°, 6°, and -6°), and exo conditions (No Exo 1, Exo with assistance, No Exo 2, and 
Exo with no assistance) resulting in a total of 28 trials. For the exo with no assistance condition, 
we simply removed the spring, but the calf and shoe interfaces were still worn. For the No Exo 
condition, all components of the exo were taken off. We swept across the entire range of slopes 
at the slower speeds (1.2 and 2.7 m/s). The highest speed (3.7m/s) was only performed on level 
ground to ensure uniform conditions for all runners and to minimize confounds due to fatigue. 
Each speed-slope combination included all four exo conditions. We took breaks to adjust the 
treadmill slope or at the participant's request for any reason. 

After completing the lab-based data collection each participant completed a survey. The 
purpose of this survey was to measure the participants' perception of exo comfort and feel. 
Acceptability was assessed by having the participants rate statements related to their experience, 
ranging from Strongly Disagree to Strongly Agree on a seven-point Likert scale. Selecting a 4 
out of 7 on the scale indicated a neutral response, neither positive nor negative. 
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 We collected bilateral full lower limb kinematics (Vicon, 100 Hz) and ground reaction 
forces (Bertec, 1000 Hz). EMG data (Delsys, 1000 Hz) were collected from sensors we placed 
on the exo side calf muscles, specifically the tibialis anterior (TA) and soleus. 

We estimated time-series ankle joint kinematics and kinetics as well as the exo moment 
from lab-based data using the methods described in 3.1. EMG data were demeaned, high-pass 
filtered (150 Hz cutoff), full wave rectified, and low-pass filtered (10 Hz cutoff). The resulting 
EMG envelopes were then normalized by the maximum activation during maximum voluntary 
contractions (MVC); collected at the start of the experiment. Time-series data were broken into 
stance and swing phases. Average stance and swing phase metrics were computed for each 
participant and condition. 

5.3.2.2 Reliability 
We evaluated reliability by combining the identified ground contacts from the force 

treadmill with the exo moment profile obtained with 3D motion capture. We compared the 
number of peaks with a minimum of 5 Nm prominence in the exo moment time-series to the 
number of ground contacts, measured by the force treadmill, to evaluate the reliability of the exo 
to assist each step.  

5.3.2.3 Acceptability 
We determined the exo's acceptability through subjective questioning after lab-based 

testing. Participants were asked to rate statements concerning the exo’s comfort at the shank and 
the perceived foot feel on a Likert scale from 1 to 7, with 1 (Strongly Disagree) representing low 
acceptability and 7 (Strongly Agree) representing high acceptability. We calculated the average 
response for each question and the percentage of positive responses (higher than 4). 

5.3.2.4 Transparency 
We evaluated the ankle exo’s transparency during swing phase by analyzing the ankle 

range of motion and the average TA muscle activity during swing. We defined the average TA 
muscle activity as the mean EMG value measured during the average swing phase for a given 
lab-based running condition. The swing phase ankle range of motion was the difference between 
the minimum and maximum joint angles observed during the average swing phase. 

5.3.2.5 Reducing peak force on the Achilles 
We evaluated the ankle exo’s ability to reduce Achilles tendon loading by examining the 

peak biological ankle moment and the maximum soleus activation during the stance phase of the 
different lab-based running conditions. To mitigate confounds due to transients in the EMG 
signals, maximum soleus activation was defined as the average top 10% of the signals during the 
stance phase. The biological ankle moment defines the portion of ankle moment attributed to the 
human and was calculated by subtracting the exo moment from the total ankle joint moment 
estimated using inverse dynamics. We averaged the time-series of biological ankle moment and 
soleus activity during stance phase for each participant, then used this to calculate values of peak 
biological ankle moment and maximum soleus activity for each condition. 

5.3.2.6 Statistical Methods 
For each lab running condition, means and standard deviations of peak ankle moment, 

ankle range of motion and muscle activity outcomes were calculated across subjects, with 
standard error indicating inter-subject variability. A Kolmogorov-Smirnov test was used to 
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confirm a normal distribution of the different metrics. Subsequently, a one-sided t-test (normal 
distribution) or Wilcoxon signed rank tests (non-normal distribution) were performed to compare 
the average No exo to the Exo conditions to identify significance. Holm-Bonferroni corrections 
were applied to account for familywise error rates across the groups for the muscle activity and 
kinematic and kinetic variables. Each outcome metric was considered separate families.  
Adjusted alpha levels for each running condition for peak biological ankle moment are listed in 
parentheses: level running at 2.7 m/s (p = 0.0125), incline running at 2.7 m/s (p = 0.0167), level 
running at 3.7 m/s (p = 0.025), decline running at 2.7 m/s (p = 0.05). Adjusted alpha levels for 
each running condition for maximum soleus activation are listed in parentheses: level running at 
3.7 m/s (p = 0.0125), level running at 2.7 m/s (p = 0.0167), incline running at 2.7 m/s (p = 
0.025), decline running at 2.7 m/s (p = 0.05). Adjusted alpha levels for each running condition 
for swing ankle range of motion are listed in parentheses: level running at 2.7 m/s (p = 0.0125), 
level running at 3.7 m/s (p = 0.0167), incline running at 2.7 m/s (p = 0.025), decline running at 
2.7 m/s (p = 0.05). Adjusted alpha levels for each running condition for average TA activation 
during swing are listed in parentheses: level running at 2.7 m/s (p = 0.0125), decline running at 
2.7 m/s (p = 0.0167), incline running at 2.7 m/s (p = 0.025), level running at 3.7 m/s (p = 0.05). 
5.3.3 Stage 3: outdoor testing 

The purpose of the outdoor protocol was to evaluate the usability of the exo during real 
world running. A subset of participants completed an outdoor run while wearing the exo and 
equipped with wearable sensors. To determine whether we satisfied the objectives we extracted 
outcome metrics from the wearable sensor data and obtained subjective user feedback 
concerning the restrictiveness and acceptability of the exo.  

5.3.3.1 Outdoor data collection 
A subset of participants (N = 7) completed an outdoor run, on a 1.2-mile loop with slopes 

varying from -3.5° to +4.2°, at a self-selected running pace while wearing the exo. The assistive 
force profile provided by the exo was measured using a load cell (SureTorque Smart Tens, 100 
Hz) secured on the calf sleeve in series with the assistance spring throughout the run and we 
calculated the exo moment by multiplying the assistive force time-series measured by the 
loadcell by the exo lever arm about the ankle joint. The participant was followed and recorded by 
a researcher on a bicycle equipped with a GoPro camera. 

After the outdoor run, each participant completed a seven-point Likert-scale survey. The 
purpose of this survey was to measure the participants' perception of exo comfort, feel, and 
restriction. Acceptability was assessed by having the participants rate statements, ranging from 
Strongly Disagree to Strongly Agree. Selecting a 4 out of 7 indicated a neutral response, neither 
positive nor negative. 

5.3.3.2 Reliability 
We evaluated reliability by reviewing the video from the GoPro camera to determine the 

number of steps taken by the individual on the exo side during the run. We then compared the 
number of peaks with a minimum of 5 Nm prominence in the exo moment time-series 
(calculated from the load cell data) to the number of steps observed in the video to evaluate the 
reliability of the exo. Essentially, this estimated the number of steps assisted by the exo to the 
number of steps taken on the run. 
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5.3.3.3 Acceptability 
We examined the exo's acceptability through a survey after the outdoor run. Participants 

were asked to rate statements concerning the exo’s comfort at the shank and the foot feel on a 
Likert scale from 1 to 7, with 1 (Strongly Disagree) representing low acceptability and 7 
(Strongly Agree) representing high acceptability. The average response was calculated for each 
question and the percentage of positive responses was obtained (responses higher than 4). 

5.3.3.4 Transparency in swing 
We administered a survey after the completion of the outdoor run to assess transparency. 

We asked participants to rate a statement concerning the exo’s lack of restriction of ankle motion 
during swing phase on a Likert scale from 1 to 7, with 1 (Strongly Disagree) representing high 
restriction and 7 (Strongly Agree) representing negligible restriction (i.e., transparency). The 
average response was calculated for each question and the percentage of positive responses was 
obtained (responses higher than 4). 
5.4 Results 

The results presented here focus on the running trials inside the lab and during the 
outdoor test. For brevity in reporting the lab results and to avoid excessive statistical 
comparisons, we compared the average of the two No Exo conditions vs. the Exo condition for 
each metric. For in-depth results see Appendix 5A. For walking results, see Appendix 5B, which 
are presented for reference, but do not directly address the objective of this study. 
5.4.1 Reliability 

During lab-based testing, the exo assisted on 98.7 ± 3.5% of steps across all participants. 
During outdoor testing, the exo assisted on 94.6 ± 2.9% of steps across all participants. 

5.4 2 Acceptability  
Following the lab-based test, 80% of users agreed (slightly, moderately, or strongly) that 

the calf sleeve did not cause discomfort when running (Figure 18). The average response to the 
prompt about not causing discomfort was 5.9 (slight-moderate agreement). Further, 88% of users 
(excluding 2 neutral responses) reported the exo did not change how their foot felt when in 
contact with the ground during running (Figure 19).  The average response to the prompt about 
not changing foot feel was 5.2 (slight agreement). 

Following the outdoor run test, 86% of users agreed (slightly, moderately, or strongly) 
that the calf sleeve did not cause discomfort when running (Figure 18). The average response to 
the prompt about not causing discomfort was 4.8 (neutral-slight agreement). Further, 83% of 
users (excluding 1 neutral response) reported the exo did not change how their foot felt when in 
contact with the ground during running (Figure 19). The average response to the prompt about 
not changing foot feel was 5.0 (slight agreement). 
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Figure 18: Exosuit calf sleeve effect on user comfort, based on Likert scale survey. X-axis percentages 
are provided for reference to easily visualize positive (increase) responses to the right versus negative 
(decrease) responses to the left of 0%. 

 

 
Figure 19: Exosuit effect on user foot feel, based on Likert scale survey. X-axis percentages are provided 
for reference to easily visualize positive (increase) responses to the right versus negative (decrease) 
responses to the left of 0%. 
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5.4.3 Transparency in Swing 
For level running at 2.7 m/s, the average ankle range of motion during swing was 25.5° 

with the exo and 26.6° without the exo (p = 0.04, Table 11) and the average TA activation was 
16.8 %MVC with the exo and 15.5 %MVC without the exo (p = 0.08, Table 12).  

For level running at 3.7 m/s, the average ankle range of motion during swing was 26.7° 
with the exo and 27.8° without the exo (p = 0.03, Table 11) and the average TA activation was 
18.8 %MVC with the exo and 19.4 %MVC without the exo (p = 0.19, Table 12).  

For incline running at 2.7 m/s, the average ankle range of motion during swing was 28.3° 
with the exo and 29.4° without the exo (p = 0.07, Table 11) and the average TA activation was 
19.1 %MVC with the exo and 18.5 %MVC without the exo (p = 0.38, Table 12).  

For decline running at 2.7 m/s, the average ankle range of motion during swing was 
20.6°with the exo and 21.4° without the exo (p = 0.06, Table 11) and the average TA activation 
was 17.7 %MVC with the exo and 16.8 %MVC without the exo (p = 0.04, Table 12). 

Following the outdoor run test, 86% of users agreed (slightly, moderately, or strongly) 
that the exo did not restrict their foot motion during swing phase (Figure 20). The average 
response to the lack of swing restriction prompt was 5.6 (slight-moderate agreement). 

Table 11: Ankle range of motion in swing across all participants with and without the exo. No 
differences were found statistically after post-hoc corrections. 

Trial No Exo Exo p-value 

Level (2.7 m/s) 26.6±2.3  25.5±1.7  0.04 

Level (3.7 m/s) 27.8±1.5 26.7±1.6  0.03 

Incline (2.7 m/s) 29.4±1.8  28.3±1.8  0.07 

Decline (2.7 m/s) 21.4±2.1  20.6±1.6  0.06 

Table 12:  Average TA activation across all participants with and without the exo No differences were 
found statistically after post-hoc corrections. 

Trial No Exo Exo p-value 

Level (2.7 m/s) 15.5±3.2 16.8±3.2 0.08  

Level (3.7 m/s) 18.8±2.3 19.4±2.1  0.19  

Incline (2.7 m/s) 18.5±2.0 19.1±2.1 0.38 

Decline (2.7 m/s) 16.8±4.7 17.7±3.9  0.04  
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Figure 20: Exosuit effect on swing phase motion, based on Likert scale survey. X-axis percentages are 
provided for reference to easily visualize positive (increase) responses to the right versus negative 
(decrease) responses to the left of 0%. 

5.4.4 Reducing peak force on the Achilles 
During level running at 2.7 m/s, the average peak biological ankle moment was 2.6 

Nm/kg with the exo and 2.7 Nm/kg without the exo (p = 0.12, Table 13, Figure 21A) and the 
maximum soleus activation was 69.8% with the exo and 72.9% without the exo (p = 0.03, Table 
14, Figure 21A). Peak biological ankle moment decreased by 0.2-11.7% for 8 of the 10 
participants and maximum soleus activation decreased by 0.6-9.8% for 8 of the 10 participants 
when running on level ground at 2.7 m/s with the ankle exo (Appendix 5A).  

During level running at 3.7 m/s, the average peak biological ankle moment was 2.8 
Nm/kg with the exo and 2.8 Nm/kg without the exo (p = 0.24, Table 13, Figure 21B) and the 
maximum soleus activation was 80.6% with the exo and 84.9% without the exo (p = 0.06, Table 
14, Figure 21B). Peak biological ankle moment decreased by 0.3-8.0% for 6 of the 10 
participants and maximum soleus activation decreased by 1.9-12.2% for 9 of the 10 participants 
when running on level ground at 3.7 m/s with the ankle exo (Appendix 5A).  

During incline running at 2.7 m/s, the average peak biological ankle moment was 3.1 
Nm/kg with the exo and 3.2 Nm/kg without the exo (p = 0.36, Table 13, Figure 21C) and the 
maximum soleus activation was 78.8% with the exo and 79.8% without the exo (p = 0.22, Table 
14, Figure 21C). Peak biological ankle moment decreased by 1.4-6.8% for 7 of the 10 
participants and maximum soleus activation decreased by 1.0-9.7% for 5 of the 10 participants 
when incline running at 2.7 m/s with the ankle exo (Appendix 5A).  

During decline running at 2.7 m/s, the average peak biological ankle moment was 2.5 
Nm/kg with the exo and 2.5 Nm/kg without the exo (p = 0.61, Table 13, Figure 21D) and the 
maximum soleus activation was 63.4% with the exo and 63.7% without the exo (p = 0.44, Table 
14, Figure 21D). Peak biological ankle moment decreased by 0.8-9.8% for 5 of the 10 
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participants and maximum soleus activation decreased by 0.2-10.7% for 7 of the 10 participants 
when decline running at 2.7 m/s with the ankle exo (Appendix 5A).  

 
Figure 21: Reducing Achilles tendon loading between No Exo and Exo conditions. A) Biological 
moment and Soleus activation was increased when running downhill at 2.7m/s. B) Biological moment 
and Soleus activation was reduced when running level at 2.7m/s. C Biological moment and Soleus 
activation was reduced when running level at 3.7m/s. D) Biological moment and Soleus activation was 
reduced when running uphill at 2.7m/s. 

Table 13: Peak biological ankle moment across all participants with and without the exosuit 

Trial No Exo Exo p-value 

Level (2.7m/s) 2.7 ± 0.2   2.6 ± 0.2   0.12   

Level (3.7m/s) 2.8 ± 0.2  2.8 ± 0.2   0.24  

Incline (2.7m/s) 3.2 ± 0.2   3.1 ± 0.2  0.36  

Decline (2.7m/s) 2.5 ± 0.2  2.5 ± 0.3  0.61   
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Table 14:Maximum soleus activation across all participants with and without the exosuit 
Trial No Exo Exo p-value 

Level (2.7m/s) 72.9 ± 11.3   69.8 ± 10.7   0.03  

Level (3.7m/s) 84.9 ± 9.1  80.6 ± 8.3   0.06   

Incline (2.7m/s) 79.8 ± 8.5  78.7 ± 8.8   0.22  

Decline (2.7m/s) 63.7 ± 10.2  63.4 ± 11.5   0.44  

 
5.5 Discussion 

We developed a new ankle exo prototype for running, then evaluated whether it satisfied 
our design objectives. We found that the exo prototype met or exceeded 3 of the 4 objectives: (i) 
it generally provided reliable actuation (95-99% of steps) across running conditions, (ii) it was 
acceptable to 80% runners in terms of comfort on their leg and how it felt on their shoe, and (iii) 
it did not impede ankle dorsiflexion during swing phase for 86% of runners. The fourth 
objective—reducing peak force on the Achilles tendon during running—was partially satisfied, 
with the ankle exo demonstrating this capability for a subset of runners and conditions. However, 
the empirical findings related to biomechanical offloading were more nuanced with variability 
across participants and running conditions. Overall, these results were sufficiently positive to 
warrant further development and exploration of this ankle exo concept. Below we discuss the 
study results in the context of each of these design objectives and prior literature, then discuss 
potential societal implications and study limitations.  

5.5.1 Reliability 
The ankle exo prototype assisted reliably on the treadmill and during running outdoors, 

without requiring any special tuning for individual participants or any adjustments for different 
speeds or slopes. In this context, reliability signifies that the exo engaged (and assisted) 
appropriately during each stance phase of running.  

The lower reliability during outdoor testing was likely due to two main factors. First, the 
exo uses a switch located on the lateral side of the foot to engage when the foot is in contact with 
the ground. On uneven surfaces like curbs or potholes, the switch may not fully depress, causing 
the clutch to engage late or not at all. The second factor was related to analysis limitations 
outside of the lab. We counted the total number of steps from video recordings, while proper exo 
function was determined using load cell data to estimate the assistance moment provided by the 
exo. Steps with minimal ankle dorsiflexion, such as short steps, lateral steps to avoid obstacles, 
or stepping down from curbs, could have generated insufficient force to cross the assistance 
threshold, potentially underestimating the exo’s reliability.   

So, what is reliable enough for an ankle exo, or specifically for a proof-of-concept 
prototype? There is no easy or universal answer. Ultimately, the reliability needed will depend 
on the use case. But what we can say confidently is two-fold. First, we are not aware of any 
major or fundamental issues that would prevent this type of design from achieving very high 
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reliability. By using the ground to engage and disengage the clutch, we avoid most of the 
common control problems (e.g., sensor noise, sensor drift, electromechanical delays, 
classification errors) that have challenged previous wearable robotic systems. Thus, we expect 
that through further engineering refinements the type of clutch-switch mechanism we presented 
could have considerably higher reliability than this initial prototype, and likely well above 95%. 
Second, even if we use 95% reliability of assisting as a floor, this is likely already good enough 
for some running use cases, particularly ones where the goal is to reduce cumulative tendon 
damage (wear-and-tear) over thousands of running strides. Here is a hypothetical example based 
on fatigue failure principles that relate peak tissue loading to tissue damage [5] during a 3-mile 
run. Assume the hypothetical runner maintains the average steps per mile from our outdoor tests 
and the exo provides a 5% offloading of the Achilles tendon (similar to what we observed in this 
study, Figure 6A). The ankle exo would reduce cumulative damage to the Achilles by 20% if it 
assisted properly on every step (i.e., no steps were missed). If the exo was only 95% reliable for 
the entire run, the reduction in cumulative damage would be 18% (instead of 20%). This 
suggests that high but imperfect reliability would have minimal impact on the overall reduction 
of tendon damage, a major driver of musculoskeletal injury[3], [4], [5], [40] and remodeling 
[118], [119].  

Often the bigger issues with reliability are related to user acceptance. In our experience, if 
a wearable assist device behaves erratically or unexpectedly, then a user will not trust it and will 
quickly abandon it. Although we asked questions about exo acceptability based on leg comfort 
and foot feel, we did not collect subjective feedback from participants based on the reliability of 
control or their trust of the prototype. Therefore, we cannot draw any definitive conclusions 
about this aspect. However, no participants mentioned this as being an issue or concern during 
any of the experimental sessions. Thus, we do not know if participants even noticed the small 
number of steps where the exo did not fully engage or assist.  
5.5.2 Acceptability 

Participants generally found the ankle exo prototype was acceptable, with the majority 
giving positive responses for both shank comfort (Figure 18) and foot feel (Figure 19) following 
indoor and outdoor testing. The negative responses to these two questions were from the same 
participants. Overall, we consider this a positive outcome at this stage of prototype development 
and testing, particularly given the challenges of interfacing exos comfortably with the human 
body and footwear. 
5.5.3 Transparency in swing 

The ankle exo prototype was sufficiently transparent during the swing phase. Wearing the 
exo had minimal effects on kinematics (Table 11) and muscle activity (Table 12) during the 
swing phase of running.  Researchers often evaluate transparency by comparing kinematics 
and/or muscle activity with vs. without an intervention [23], [25], [139]. However, arguably, user 
perception of feeling impeded is more critical than either kinematics or muscle activity, as the 
adoption of wearable technology largely depends on whether users feel it obstructs their natural 
movement. After outdoor testing, 6 of 7 participants reported that they did not feel impeded by 
the exo during the swing phase. Collectively, our three-pronged evaluation—measuring 
kinematics, muscle activity, and user perception—provides converging evidence of the design's 
transparency during the swing phase.   
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5.5.4 Reducing peak force on the Achilles 
We did observe some reductions in Achilles load when running with the exo prototype, 

but the changes were generally small or modest when averaging across all runners and conditions 
in this study (Figure 21). In a post-hoc analysis, we discovered that a subset of participants (N = 
3) changed their foot strike pattern after donning the exo. These users each transitioned from a 
rearfoot to a more forefoot striking pattern when running in the exo.  

Forefoot striking has been shown to have an increased peak ankle moment and soleus 
muscle activity compared to rearfoot striking [140]. Therefore, participants who switched to 
more forefoot striking when wearing the exo effectively increased their total ankle moment (and 
Achilles loading) due to this change in running pattern. The ankle exo then reduced this 
biological ankle moment, resulting in either minimal net changes or increases in Achilles loading 
with vs. without the exo (Appendix 5A).  

Out of curiosity, we performed a secondary, post-hoc analysis to explore exo effects on 
the majority of participants (N=7) who did not change their foot strike pattern. Specifically, we 
excluded the three participants who displayed a large change in ankle angle at initial contact 
when level ground running at 2.7 m/s, then re-analyzed the exo effects on peak biological ankle 
moment and maximum soleus activation. We found larger reductions in the Achilles tendon 
loading metrics (biological ankle moment and soleus activation) across all running conditions for 
the participants who maintained a similar foot strike pattern (Figure 22).   

We do not know why 3 of the 10 runners changed their foot strike pattern when wearing 
the exo. However, it could be an interesting avenue for future research to explore whether 
acclimation time, training, instructions, device characteristics, demographics, or other factors 
could contribute to these changes in some runners.  
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Figure 22: Achilles tendon loading of No Exo and Exo conditions when excluding participants who 
changed their footstrike pattern. A) Biological moment and soleus activation when running level at 2.7 
m/s. B) Biological moment and soleus activation when running level at 3.7 m/s. C) Biological moment 
and soleus activation when running uphill at 2.7 m/s. D) Biological moment and soleus activation when 
running downhill at 2.7 m/s 

5.5.5 Societal applications 
Here we present a design for an unpowered ankle exo that provides assistive ankle torque 

that can reduce demands on the Achilles tendon during running (Figure 22). In athletics, this 
capability might be beneficial in facilitating return-to-sport from Achilles overuse injury or 
preventing Achilles overuse injury in runners.   

Rehabilitation from Achilles injury involves four phases: (1) symptom management and 
load reduction, (2) recovery, (3) rebuilding, and (4) return to sport [12]. Rehabilitation 
equipment has been developed to aid in the first two phases. During the symptom management 
and load reduction phase, immobilizing boots can reduce the loading on the tendon allowing for 
recovery and remodeling [141], typically offloading the Achilles by 60-80% [142]. During the 
recovery and rebuilding phases body weight-supported treadmills, capable of reducing body 
weight by 20-100% [143], can allow athletes to resume running while controlling the load on the 
tendon. However, there has been minimal advancement of tools to aid during the ramp-up of 
outdoor sport-specific loading when transitioning into the return-to-sport phase. The capabilities 
of this exo (e.g., 5-10% Achilles offloading) may provide utility during the return-to sport phase 
of recovery, helping to reduce the likelihood of reinjury or flare ups.  

The prevention of Achilles overuse injuries is difficult, since the cardinal sign for 
Achilles overuse is pain in the Achilles tendon that limits sport participation. However, pain with 
activity is generally preceded by weeks of stiffness or discomfort and is often ignored by both 
the athlete and coaches if the athlete can continue to participate in sport [144], [145]. With the 
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use of this exo, partial offloading of the tendon could be achieved while allowing the athlete to 
continue sport-specific exercise.  

The ankle exo also provided 10-15% Achilles offloading during walking (Appendix 5B), 
similar to previous designs developed by Yandel et al. [22] and Collins et al. [23]. This 
capability could be beneficial during the recovery of more severe Achilles tendon injuries that 
require surgical intervention. Rehabilitation after Achilles tendon repair surgery involves 
wearing an immobilization boot [146], however, evidence shows that post-surgery rehabilitation 
can benefit from early weight-bearing [147], [148], [149]. This ankle exo might help facilitate 
the transition from boot to unassisted walking by modulating the load on the Achilles allowing 
patients to proceed to weight bearing exercise.  

Before any of these applications can be fully realized, further, use-case focused research 
is needed. The exo prototype presented in this manuscript seems promising for one or more of 
the applications above and may allow for real-world longitudinal research to be conducted to 
assess the benefit of consistent ankle exo use in these various applications.   

5.5.6 Limitations 
There were a couple of key limitations to the biomechanics evaluation of this exo that are 

worth acknowledging. First, there was a subset of participants who changed running kinematics 
(foot strike pattern) when using the exo. These individuals might have benefited from longer 
acclimation time during stage 1 (the spring selection protocol) or more directed training. The 
amount of training or acclimation time given to a user prior to testing can have a profound effect 
on the benefit observed biomechanically. During our spring selection experiment participants 
were asked to perform walking and running tasks on the treadmill for 10 mins with a weaker and 
stiffer assistance spring, totaling 20-25 mins of acclimation with the exo. Extended acclimation 
time has been found to improve the benefits a user gets from an exo [150], and adaptation time is 
extremely user dependent. Second, the sample size was relatively small, which could increase the 
risk of a Type 2 error or false negatives in our evaluation of Achilles load reduction and 
transparency outcome metrics. Despite this limitation, our three-pronged approach to assessing 
transparency effectively demonstrates that the exo minimally restricts motion during the swing 
phase. Moreover, the exo showed the potential to reduce Achilles tendon loading, to varying 
degrees for different runners and conditions. Variations in user adaptation and the selection of 
assistance springs could have influenced the load reduction outcomes for other participants. 
While the observed benefits in Achilles load reduction are specific to the assistance spring 
stiffnesses and running conditions tested in this study, we expect these capabilities to be broadly 
generalizable to other locomotive activities, such as walking (see Appendix 5B).  

5.6 Conclusion 
In summary, this work demonstrates how an unpowered ankle exo could be designed to 

facilitate real world running. The ankle exo presented is low-profile, lightweight, intrinsically 
adapts to different speeds and slopes, can offload the Achilles tendon and minimally restricts 
ankle motion in swing phase. This could open new opportunities for applied, longitudinal, and 
real-world research, or for use during return to sport or recovery from an Achilles tendon injury. 
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5.7 Appendix 5A 
Here we present detailed results from our lab-based experiment. As a reminder, our 

experimental protocol involved participants performing running trials in an ABAC format (No 
Exo 1, Exo, No Exo 2, and Exo with no assistance). Main results in the manuscript focused on 
comparing the Exo condition to the average of the two No Exo conditions. 

5.6.1 Reducing peak force on the Achilles 
Table 15: Average peak biological ankle moment across all participants for all exo conditions 

Trial No Exo 1 Exo No Exo 2 No Assistance 

Level 
(2.7 m/s) 2.6 ± 0.2   2.6 ± 0.2   2.7 ± 0.1   2.7±0.1   

Level 
(3.7 m/s) 2.9 ± 0.2  2.8 ± 0.2   2.8 ± 0.1   2.9±0.1   

Incline 
(2.7 m/s) 3.1 ± 0.2   3.1 ± 0.2  3.2 ± 0.2   3.2±0.1  

Decline 
(2.7 m/s) 2.5 ± 0.1   2.5 ± 0.3   2.4 ± 0.2   2.5±0.1  

 

Table 16: Average maximum soleus activation across all participants for all exo conditions 

Trial No Exo 1 Exo No Exo 2 No Assistance 

Level 
(2.7 m/s) 74.7 ± 13.9   69.8 ± 10.7   71.1 ± 8.7   69.8±11.1   

Level 
(3.7 m/s) 84.5 ± 10.6   80.6 ± 8.3   85.3 ± 9.1  88.8±16.6  

Incline 
(2.7 m/s) 80.0 ± 7.7   78.7 ± 8.8   79.6 ± 8.0   83.11±9.1   

Decline 
(2.7 m/s) 63.0 ± 9.4   63.4 ± 11.5   64.3 ± 10.5   58.4±10.8   
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Table 17: The percent change in peak biological ankle moment and maximum soleus activation (EMG) 
during the Exo trial relative to the average values from the No Exo trials. 

  Level 2.7 m/s Level 3.7 m/s Incline 2.7 m/s Decline 2.7 m/s 

Participant 
Moment 

(%) 
EMG 
(%) 

Moment 
(%) 

EMG 
(%) 

Moment 
(%) 

EMG 
(%) 

Moment 
(%) 

EMG 
(%) 

1 -11.7  7.3  -3.6  -7.0  -1.6  -9.7  4.8  9.0  

2 -3.5  -9.8  -5.4  -12.2  -3.8  -5.2  -4.7  -4.1  

3 -0.2  -7.6  5.9  -6.7  -1.4  2.3  -9.8  -10.7  

4 -10.4  -6.5  -8.0  -9.3  -5.8  -3.9  -9.6  -5.6  

5 5.0  6.2  4.6  4.8  4.2  2.4  8.1  8.3  

6 -2.3  -9.4  2.6  -1.9  -2.7  1.7  1.5  6.0  

7 9.0  -0.6  5.8  -1.9  10.9  5.5  8.4  -2.0  

8 -0.3  -4.5  -4.7  -2.3  -6.8  -8.1  -0.8  -1.6  

9 -5.1  -8.8  -4.8  -8.7  -4.6  -1.0  9.5  -4.5  

10 -4.0  -7.9  -0.3  -4.4  3.4  2.5  -3.1  -0.2  

 

5.6.2 Transparency in swing 
Table 18: Average ankle range of motion in swing across all participants for all exo conditions 

Trial No Exo 1 Exo No Exo 2 No Assistance 

Level 
(2.7 m/s) 26.9 ± 2.5   

25.5±1.7    
26.3 ± 2.2  25.7 ± 2.1   

Level 
(3.7 m/s) 27.6 ± 1.7  

26.7±1.6    
28.1 ± 1.3  26.9 ± 1.8   

Incline 
(2.7 m/s) 29.3 ± 1.7   

28.3±1.8    
29.5 ± 1.4   27.0 ± 2.1   

Decline 
(2.7 m/s) 21.5 ± 2.1   

20.6±1.6    
21.3 ± 2.0   20.4 ± 2.2   
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Table 19: Average TA activation in swing across all participants for all exo conditions 

Trial No Exo 1 Exo No Exo 2 
No 

Assistance 

Level 
(2.7 m/s) 

15.9 ± 
3.0   

16.8±3.2   
15.2±2.0   15.5±3.1  

Level 
(3.7 m/s) 

18.1 ± 
2.0   

19.4±2.1    
19.0±3.7   18.6±2.5   

Incline 
(2.7 m/s) 18.8±2.1   

19.1±2.1   
18.3±2.4   17.8±2.0   

Decline 
(2.7 m/s) 19.0±4.1   

17.7±3.9    
14.4±2.0   15.3±3.4  

 

5.7 Appendix 5B 
For each lab walking condition, means and standard deviations of peak ankle moment, 

ankle range of motion, and muscle activity outcomes were calculated across subjects, with 
standard deviation indicating inter-subject variability. A Kolmogorov-Smirnov test was used to 
confirm a normal distribution of the different metrics. Subsequently, one-sided t-tests (normal 
distribution) or Wilcoxon signed rank tests (non-normal distribution) were performed to compare 
the average No exo condition to the Exo condition to identify statistical significance. Holm-
Bonferroni corrections were applied to account for familywise error rates across the groups for 
the muscle activity and kinematic and kinetic variables.    

Each outcome metric was considered separate families.  Adjusted alpha levels for each 
walking condition for peak biological ankle moment are listed in parentheses: decline walking (p 
= 0.0167), level walking (p = 0.025), incline walking (p = 0.05). Adjusted alpha levels for each 
walking condition for maximum soleus activation are listed in parentheses: level walking (p = 
0.0167), incline walking (p = 0.025), decline walking (p = 0.05) Adjusted alpha levels for each 
walking condition for swing ankle range of motion are listed in parentheses: incline walking (p = 
0.0167), level walking (p = 0.025), decline walking (p = 0.05). Adjusted alpha levels for each 
walking condition for average TA activation are listed in parentheses:  level walking (p = 
0.0167), incline walking (p = 0.025), decline walking (p = 0.05)  
4.8.1 Reducing Achilles Load 

For decline walking at 1.2 m/s, the biological ankle moment was 1.1 Nm/kg with the exo 
and 0.9 Nm/kg without the exo (p < 0.001, Table 19) and the maximum soleus activation was 
34.0 %MVC with the exo and 38.9 %MVC without the exo (p = 0.002, Table 20).   

For level walking at 1.2 m/s, the biological ankle moment was 1.2 Nm/kg with the exo 
and 1.4 Nm/kg without the exo (p = 0.003, Table 19) and the maximum soleus activation was 
40.3%MVC with the exo and 45.3 %MVC without the exo (p = 0.06, Table 20).   
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For incline walking at 1.2 m/s, the biological ankle moment was 2.0 Nm/kg with the exo 
and 2.1 Nm/kg without the exo (p = 0.07, Table 19) and the maximum soleus activation was 35.0 
%MVC with the exo and 41.2 without the exo (p = 0.003, Table 20).   
Table 20: Peak biological ankle moment across all participants with and without the exo during walking. 
Bolded p-values indicate statistical significance after post-hoc correction. 

Trial No Exo Exo p-value 

Decline 1.1±0.2  0.9±0.2  < 0.001   

Level  1.4±0.3  1.2±0.2   0.003   

Incline  2.1±0.2   2.0±0.3   0.07   

 

Table 21: Maximum soleus activation across all participants with and without the exo during walking. 
Bolded p-values indicate statistical significance after post-hoc correction. 

Trial No Exo Exo p-value 

Decline  38.9±18.2   34.0±19.2   0.002  

Level  45.3±15.7   40.3±12.0   0.06  

Incline 41.2±10.8   35.0±11.3   0.003  

 

Table 22: Peak biological ankle moment across all participants for all exo conditions during walking 

Trial No Exo 1 Exo No Exo 2 No Assistance 

Decline 1.0±0.2  0.9±0.2  1.1±0.1   1.2±0.2   

Level 1.4±0.2   1.2±0.2   1.4±0.3  1.6±0.2  

Incline 2.1±0.2   2.0±0.3   2.1±0.3   2.2±0.3   

 

Table 23 :Maximum soleus activation across all participants for all exo conditions during walking 

Trial No Exo 1 Exo No Exo 2 No Assistance 

Decline 39.3±22.1   34.0±19.2   38.7±13.1   36.9±14.3   

Level 45.2±14.0   40.3±12.0   45.5±14.7   43.1±10.7   

Incline 43.6±11.4   35.0±11.3   38.7±12.7   39.8±13.7   
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5.7.2 Transparency in swing  
For decline walking at 1.2 m/s, the average ankle range of motion was 18.1 deg with the 

exo and 17.7 deg without the exo (p = 0.33, Table 23) and the average TA activation was 6.4 
%MVC with the exo and 6.2 %MVC without the exo (p = 0.19, Table 24).   

For level walking at 1.2 m/s, the average ankle range of motion was 11.7 deg with the 
exo and 13.4 deg without the exo (p = 0.07, Table 23) and the average TA activation was 7.4 
%MVC with the exo and 6.3 %MVC without the exo (p = 0.06, Table 24).   

For incline walking at 1.2 m/s, the average ankle range of motion was 18.3 deg with the 
exo and 20.1 deg without the exo (p = 0.06, Table 23) and the average TA activation was 8.7 
%MVC with the exo and 8.1 %MVC without the exo (p = 0.11, Table 24).   

 

Table 24: Average ankle range of motion in swing phase across all participants with and without the 
exosuit 

Trial No Exo Exo p-value 

Decline 17.7±3.3   18.1±2.1   0.33   

Level  13.4±3.7   11.7±2.1   0.07   

Incline  20.1±4.2   18.3±3.3   0.06   

 

Table 25: Average TA activation in swing phase across all participants with and without the exosuit 

Trial No Exo Exo p-value 

Decline  6.2±3.4   6.4±3.9   0.19   

Level  6.3±4.1   7.4±4.6   0.06   

Incline 8.1±5.3   8.7±5.4   0.11   

 

Table 26: Average ankle range of motion in swing phase across all participants for all exo conditions 

Trial No Exo 1 Exo No Exo 2 No Assistance 

Decline 17.5±3.1   18.1±2.1   18.0±1.9   18.0±1.9   

Level 13.6±3.9   11.7±2.1   13.2±3.7   12.4±2.6   

Incline 20.6±4.3   18.3±3.3   19.3±4.2   17.5±3.2   
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Table 27: Average TA activation in swing phase across all participants for all exo conditions 

Trial No Exo 1 Exo No Exo 2 No Assistance 

Decline 6.1±3.5   6.4±3.9   6.3±3.2   7.1±3.2   

Level 6.8±3.8   7.4±4.6   5.7±3.4   7.0±4.4   

Incline 8.4±5.2   8.7±5.5   7.9±4.2   8.5±4.2   
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6 Conclusions and Future work 
This dissertation has explored the development and evaluation of wearable sensor 

solutions and wearable assistive devices that monitor and modulate musculoskeletal loads, 
respectively. These are two emerging and complementary classes of technology with the 
potential to impact human health and mobility, but various questions and challenges remain that 
limit the use of these technologies in the real-world. This dissertation addresses a subset of these 
questions to aid in the translation and implementation of these wearable devices outside the lab.  

6.1 Insights and future work when monitoring loads with wearable sensors 
 This dissertation comprises three studies that investigate how wearable sensors can 
monitor musculoskeletal loads during dynamic activities. While the solutions focus on specific 
tissues and applications—such as assessing low back injury risk during lifting—the underlying 
concepts and methods can be adapted to other areas of the body or tasks, provided appropriate 
data collection, algorithm training, and model validation are performed. The insights and 
approaches developed in this work move us closer to wearable solutions for remote injury risk 
and recovery assessment. However, the studies presented herein where only proof-of-concept. A 
gap still exists between the capabilities demonstrated here and ready-to-use wearable monitoring 
products for real-world applications. 

In developing musculoskeletal load monitoring tools, we were driven by evidence that 
cyclic mechanical loading of tissues influences both injury risk and tissue remodeling (an 
important part of the recovery process after injury). Chapter 3 explored how wearable sensors 
can estimate low back injury risk using machine learning and ergonomic tools. We were able to 
tackle such a targeted and practical question because ergonomic assessment tools have already 
been developed to estimate low back injury risk due to repetitive lifting. These tools benefit from 
large epidemiological datasets that contain work schedules, objects lifted, and injury incidences. 
Unfortunately, such comprehensive data is lacking for other activities, which means we have 
limited activity-specific knowledge of the relationship between tissue loading and tangible health 
outcomes. For example, in Chapter 4, we estimated daily load stimulus (DLS), a metric used in 
computational studies to link damage to bone remodeling. Still, it is unclear how much DLS 
reflects over- or underloading of tissues. However, with the use of wearable monitoring tools, 
longitudinal data on musculoskeletal tissue loading can be collected alongside longer term injury 
incidences or recovery measures. These large databases will then, in the future, enable 
researchers to test hypotheses about the role of musculoskeletal loading in injury development or 
recovery progression, potentially identifying new predictive metrics for health and injury risk.  

Nevertheless, patient compliance will remain a challenge. Shoe-worn wearable sensor 
solutions will continue to have practical limitations, such as how often people wear during the 
day or remembering to switch insoles between different shoes. These issues have hindered the 
implementation of wearable sensors in previous research performing remote data collection. 
Advancements in sensor hardware and integration techniques offer a promising solution. For 
instance, sensor-integrated clothing and footwear can potentially make multi-sensor use more 
practical. Another solution, as discussed in Chapter 4, involves leveraging devices people 
already use daily, like smartphones and fitness trackers. By combining the data from devices that 
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are already worn daily or that have higher compliance rates with other innovative sensors and 
data science techniques, we can enhance musculoskeletal health monitoring without relying on 
people to continuously wear additional, less practical sensors. The results from Chapters 2 and 3 
demonstrate that kinetics data (e.g., force or pressure under the feet) are generally required to 
accurately estimate musculoskeletal loads when only using a small number of wearable sensors, 
especially when monitoring a wide range of movements. However, in Chapter 4, we explore how 
person-specific models trained on partial kinetics data from daily life can estimate loading from 
motion data alone, opening new possibilities for long-term remote monitoring. This represents a 
new way to leverage kinetics data from wearable sensors like insoles, which may simplify 
certain types of remote or longitudinal data collections. Further research could determine how 
much kinetics data is necessary over longer periods. It is possible that only a few hours of data 
per week—or even per month—could be sufficient to create person-specific musculoskeletal 
loading models, especially if users consistently engage in similar activities. Reducing the need 
for frequent user interaction with wearable systems, whether through sensor-integrated clothing 
or leveraging sensors that are already integrated in people’s lives, like smartphones or fitness 
trackers, could help maximize the data collected and provide deeper insights. 

Before machine learning-based tools can be confidently applied in clinical, athletic, or 
ergonomic settings, their algorithms must undergo multiple rounds of refinement, much like 
sculpting a rough piece of stone. These models will need to be trained, tested, and adjusted based 
on their performance. However, it will be essential to balance accuracy with practicality. It is 
important to remember that current practices based on visual observation have been 
demonstrated to be inconsistent but have shown value in impacting injury incidence or recovery 
progression. The goal isn’t necessarily to achieve extremely high accuracy but to create tools that 
provide actionable insights. What is demonstrated repeatedly in this dissertation is that we can 
obtain reasonably accurate estimates of cumulative load, damage, or injury risk metrics over a 
full day even if there is more inaccuracy in an intermediary step or metric, for example, errors on 
a per lift (Chapter 3) or per minute (Chapter 4) basis. Practitioners leverage these cumulative 
measures (e.g., across a day or work shift) when assessing injury risk or recovery, therefore 
developers of future wearable monitoring solutions should step back from the accuracy of 
biomechanical measures at the sub-second level and examine how a model performs in the 
desired application, reporting the metrics that practitioners use and understand. 

The field of remote musculoskeletal monitoring is still in its infancy. There remains much 
to discover about which loading metrics are most critical, how to combine loading and other 
physiological factors for effective health or injury risk assessment, and what level of accuracy is 
required for different applications. Additionally, practical challenges, such as ensuring consistent 
and precise estimates of cumulative loading, will continue to hinder progress until innovative, 
user-friendly solutions are developed to make monitoring as seamless and transparent as 
possible. Nevertheless, advancing wearable monitoring tools will provide researchers, clinicians, 
and other stakeholders with powerful new capabilities, leading to a deeper, more comprehensive 
understanding of musculoskeletal health and injury risk during daily life. 
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6.2 Insights and future work when modulating loads with exos 
The second thrust of this dissertation focused on designing an ankle exo to reduce 

Achilles tendon loading during locomotion while ensuring usability in real-world settings. Our 
user-centric design approach resulted in a prototype that was both reliable in real-world running 
and well-received by users. While this exo was specifically designed for running to aid in 
Achilles tendinopathy recovery, its potential applications extend to other areas, such as clinical 
or military settings. However, exploring these applications would require redesigning the exo to 
address the specific needs of those populations. Overall, this dissertation demonstrates that 
prioritizing user needs in the design process can lead to successful and practical prototypes.  

Previous work with back and shoulder exos has shown that the primary challenge in 
translating and adopting exos is not their technical capability or biomechanical benefits, but 
rather their comfort and usability. Like all wearable assistive technologies, exos must interface 
with the user’s body in a way that doesn’t restrict motion, remains comfortable, and is secure 
enough to provide the necessary forces and torques. In our proof-of-concept testing, we did not 
explore use cases where athletes wore the device for longer runs (e.g., greater than 1 mile) or 
over multiple days. In these scenarios, factors such as breathability and calf sleeve slippage could 
become a larger issue. Future iterations could address these potential issues by incorporating 
features shown to enhance thermal comfort and prevent migration. Overall, development should 
remain user-centric, ensuring that the devices meet the specific needs of their intended use cases.  

While the current exo prototype marks significant progress, several questions about its 
long-term impact and clinical application remain. Key questions include: What level of 
offloading is needed to prevent overuse injuries? Can this device enhance performance or 
improve training regimens? Currently, the answers to these questions are not fully known. 
Nonetheless, further refinement of this exo design will enable researchers and clinicians to 
explore these questions. Through focused research, we can begin to understand the implications 
of sustained Achilles load reduction on tissue remodeling and recovery and build protocols for 
how best to implement this tool in real-world clinical practices. 

6.3 Conclusions 
 This dissertation has provided four main contributions. Chapter 2 presents the 
development and validation of a method for combining biomechanics, real wearable sensors, and 
machine learning to estimate tibial bone load during running. Chapter 3 details the minimum set 
of wearable sensor signals necessary to accurately estimate low back injury risk during manual 
material handling. Chapter 4 outlines a novel method for using fitness trackers to estimate tibial 
loading during remote data collection. Chapter 5 describes the design of a new unpowered ankle 
exo to reduce Achilles tendon loading while remaining usable in real-world environments.  

Collectively, these dissertation contributions establish scientific foundations and 
technical feasibility and provide valuable insights into these technologies. These wearable 
measurement and assistive devices offer significant potential to enhance musculoskeletal injury 
prevention and rehabilitation. However, achieving real-world impacts on health, safety, and well-
being will require additional technical, scientific, and practical advances in these technologies.  
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