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ABSTRACT  

PURPOSE: The purpose of this study is two-fold: 1) to determine if using gyroscope sensor 

data in place of accelerometer sensor data improves the classification of PA in youth compared 

to using only accelerometer sensor data, and 2) to determine if using a combined sensor approach 

improves classification of PA in youth compared to using either sensor independently. 

METHODS: These aims were evaluated two ways: 1) a within-sample cross-validation using 

semi-structured simulated free-living activities from 99 youth participants ages 6-18 years old, 

and 2) an out-of-sample validation using unstructured free-living activities from 42 youth 

participants ages 6-18 years old. PA data were collected using a GT9X device worn on the hip, 

left wrist, and right wrist. Participant’s PA behaviours were directly observed for both phases of 

the study to create criterion activity labels for each second of data. Four machine learning model 

types were developed (decision tree, random forest, logistic regression (lasso), and neural 

network) to classify 1) 14 individual activity classes, and 2) six activity group classes. Each 

model was trained using 1) accelerometer only data, 2) gyroscope only data, and 3) 

accelerometer + gyroscope data. RESULTS: For the within-sample cross-validation the 

combined sensor models achieved average classification accuracies of 61.5% for the individual 

activity classes and 82.0% for the activity groups, which outperformed the individual sensor 

models by an average of 10.4% for the individual activity classes and 5.3% for the activity 

groups, across all attachment sites. For the out-of-sample validation, the accelerometer only and 

combined sensor models classification accuracy decreased by 4.0%, 76.7% to 72.7% and 82.0% 

to 78.0%, respectively while the gyroscope only models maintained a classification accuracy of 

76.7%. Adding transitions as a seventh activity group resulted in decreases in classification 

accuracy of 11.1% (within-sample) and 12.1% (out-of-sample) when compared to models 
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excluding transitions. CONCLUSION: These studies conclude that using accelerometer and 

gyroscope sensor data together improves activity classification compared to using data from 

either single sensor alone when evaluated using semi-structured simulated free-living activity 

data and when using unstructured free-living activity data.
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Chapter 1: Introduction
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Section 1: Background 

Accurately capturing unstructured free-living physical activity (PA) behaviour is critical 

to robustly assess, document, and evaluate the relationship between PA and health outcomes. 

However, it can be challenging to adequately assess PA in free-living environments. One popular 

method for objectively assessing PA is through the use of wearable devices such as 

accelerometer-based PA monitors. These devices are strategically placed on the body and record 

movement continuously. These movement data can then be used to characterize different 

components of PA behaviour, most commonly energy expenditure (EE) and PA intensity. 

Historically, acceleration data represented as activity counts, a proprietary metric derived from 

the raw acceleration signal, has been used to model the aforementioned components of PA. 

Activity counts are generated through a process of filtering the raw acceleration signal to 

attenuate noise in the sensor signal and then integrating the acceleration data in some fixed-

length window of time (i.e. epoch) to represent the volume of movement that occurred in the 

specified window.1 Activity counts are a useful metric for describing PA or quantifying PA 

based on total movement accumulation but lack resolution to distinguish intricacies of individual 

activities with similar movement frequencies and patterns.2 With technological advances 

including on-board device memory and improved battery life coupled with increased storage and 

improved processing capabilities and computing power, investigators have shifted to using 

higher resolution raw acceleration data to assess free-living PA.2 It is believed that working with 

raw acceleration data provides greater flexibility for analyzing the data and with the higher 

resolution it may be possible to distinguish characteristics of specific activities (e.g. walking 

versus computer work) or activity groups (e.g. locomotion versus household chores) more 

robustly and more consistently.2 Additionally, working with raw acceleration data improves the 
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compatibility between data from different device manufacturers which improves comparability 

between studies.3,4  

There have been numerous approaches used to classify PA using wearable device data 

expressed as both counts and raw acceleration data.5-9 To date, most approaches have focused on 

classifying activities grouped by activity domain. To do so, it is common to calculate relevant 

statistical features (i.e. transformations of the raw sensor data).10-13 These features are then 

selected or extracted from the dataset using objective criteria or by using a statistical model that 

chooses appropriate features as a step in the modeling process.10-13 While true that many features 

can be calculated from acceleration data, more features are not always necessary or useful for 

improving PA classification performance since features may contain redundant information.14 To 

reduce redundant features and eliminate features with low predictive power for the desired 

classification task, feature selection is typically performed leaving only relevant non-redundant 

features in the final dataset for classification.14 Features are typically evaluated in two domains 

1) time domain and 2) frequency domain. Time domain features are engineered by processing 

data in specified windows of time (e.g. mean, median, variance, standard deviation, minimum, 

maximum, range)10-13 and frequency domain features are calculated by extracting signal 

information (e.g. Fourier transform, wavelet transformation, or calculation of dominant 

frequency, spectral energy).10-13  

Using raw acceleration data, a variety of analytical methods have been used to classify 

wearable sensor PA data ranging from logistic regression to machine learning models including 

neural networks, support vector machines, and decision tree-based approaches, all of which 

range in complexity and performance for the desired classification tasks.5-9 Additionally, it has 

been established that there is no single statistical modeling approach that is superior for all PA 
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classification tasks.15,16 With this in mind, it is standard practice to evaluate a series of 

classification techniques to determine the optimal methods for the specific classification task.15,16 

In some cases, it has been demonstrated that by combining machine learning approaches superior 

classification performance can be achieved compared to using a single independent classification 

approach.15,16 This combination of machine learning methods is known as ensembling and 

typically involves combining a set of inherently weaker classifiers to achieve a single more 

robust final classification by pooling the individual classifier results (e.g. random forest 

models).15,16  

 While the aforementioned efforts have yielded generally high classification accuracy at 

the group level, typically >85%, overall improvements in classifier performance have plateaued, 

regardless of the methodological approach and analytical technique used. The implications of 

this plateau may not be readily apparent when evaluating classifier performance from within-

sample cross-validations, a typical first step in the development process. However, when the 

classifiers are applied to out-of-sample data in free-living situations, classifier performance 

decreases as models suffer from poor generalizability to new data.3,17-20 For example, in the field 

of PA assessment, nearly all PA classification research that has been done to date has used only 

accelerometer sensor data and associated features as the source for classifier development. A 

recent review by Farrahi et al.6 shows that on average, a PA classification accuracy of 

approximately 85.0% (hip) to 90.0% (wrist) is achieved in both adult and youth samples. At first 

glance, this level of accuracy seems acceptable, however, when the classifiers developed in these 

studies are independently validated using unstructured free-living data, performance decreases 

sharply, and on average, peaks at approximately 70.0-75.0%.6 Additionally, there is evidence to 

suggest that the individual level variability in classifier performance is greater in out-of-sample 
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validations than in within-sample cross-validations.21 The nuances and intricacies of unstructured 

free-living PA behaviour are complex and challenging to model using information from a single 

sensor type. This plateau in predictive performance is potentially related to there being 

insufficient relevant information in the data to adequately distinguish between independent 

activity classes or activity groups when using only accelerometer sensor data as the source for 

classifier development. One potential answer to this issue is to use additional sensor data, such as 

gyroscope data, to complement the acceleration data and more completely characterize PA.  

It has been previously hypothesized that additional sensor types such as a gyroscope 

sensor might provide complementary information regarding human movement when used 

simultaneously with an accelerometer sensor.22-28 In adults it has been well documented that 

using accelerometer and gyroscope sensor data together to characterize PA results in improved 

classifier performance by approximately 10.0% compared to using data from either single sensor 

individually.22-27 Most of these data have come from studies in other disciplines such as 

engineering and computer science where smartphones are commonly used to assess PA.22-27 

These studies, while informative, generally have small sample sizes and a small number of 

activities, limiting the generalizability and applicability of the study results. In 2014, ActiGraph 

(ActiGraph Corporation, Pensacola, FL), a leading research-grade activity monitor manufacturer, 

released the GT9X Link (GT9X).29 The GT9X contains the same primary accelerometer as its 

predecessor, the wGT3X-BT and also contains an inertial measurement unit (IMU). The IMU 

houses a secondary triaxial accelerometer, a triaxial gyroscope, a triaxial magnetometer, and a 

thermometer to monitor the sensor temperature. Hibbing et al. 201830 first introduced the GT9X 

gyroscope into the literature by demonstrating its utility as a predictor of EE using a two-

regression approach. When used in concert with the primary accelerometer data, the gyroscope 
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contributed a 5.0% improvement in EE estimates compared to using only the accelerometer 

sensor data. One potentially larger takeaway from this study was the contribution of the 

gyroscope sensor data for classification of sedentary behaviour (SB). The gyroscope sensor data 

was a perfect classifier of SB across the hip, both wrists, and both ankles compared to 63.7% to 

99.4% for the accelerometer sensor data. Additionally, Marcotte et al.31 showed that the 

gyroscope sensor in the GT9X can be useful for detecting the number and degree of turning 

motions, a common movement that occurs during many activities of daily living such as 

household chores as well as during intermittent sporting activities. Capturing additional 

information about intermittent tasks that involve pivoting and turning may be important for 

assessing the broad PA behaviours that occur in free-living. It has been shown previously that the 

number, frequency, and degree of turns contribute to EE.32,33 When considered across the day, 

this may be an important step to improving PA assessment using wearable device and inertial 

sensor data. 

Section 2: Statement of the Problem 

To date, most PA classification using wearable devices has been conducted using only 

accelerometer sensor data. Presently, PA classification has reached a plateau in performance in 

both youth and adult studies. Regardless of the statistical features and analytical technique used, 

similar classification performance is achieved in independent model validation, specifically with 

unstructured free-living PA datasets. One potential reason for this plateau in classification 

performance is the insufficient availability of relevant information in the acceleration sensor data 

to adequately discriminate individual activities and activity groups. Potential solutions to 

improve classification performance include: 1) using gyroscope sensor data, instead of 
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accelerometer sensor data or 2) using a combination of accelerometer and gyroscope sensor data 

for classifying PA.   

Section 3: Statement of the Purpose 

The purpose of this study is two-fold: 1) to determine if using gyroscope sensor data in 

place of accelerometer sensor data improves the classification of PA in youth compared to using 

only accelerometer sensor data, and 2) to determine if using a combined sensor approach 

improves classification of PA in youth compared to using either sensor independently.  

Section 4: Research Questions 

Question 1: Does using only gyroscope sensor data as an independent classifier improve the 

classification of physical activity type in youth compared to using only accelerometer sensor 

data? 

Hypothesis 1: It is hypothesized that using only gyroscope sensor data and relevant features to 

classify physical activity type in youth will yield comparable classification performance to using 

only accelerometer sensor data. 

Question 2: Does using accelerometer and gyroscope sensor data together improve the 

classification of physical activity type in youth compared to using only accelerometer or only 

gyroscope sensor data? 

Hypothesis 2: It is hypothesized that using accelerometer and gyroscope sensor data to classify 

physical activity type in youth will result in improved classification accuracy of individual 

activity classes and activity groups compared to using accelerometer or gyroscope sensor data 

alone.   
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Section 1: Overview 

This literature review will cover material related to wearable devices and inertial sensors 

used for characterizing physical activity (PA). While the relevant literature is broad in scope and 

spans multiple disciplines, this review will focus primarily on how PA has been assessed using 

wearable devices and inertial sensors, including identifying current shortcomings in the use of 

wearable device data for PA characterization. This is intended to correspond to the research 

questions outlined in Chapter 1 and support the novelty and relevance of the studies 

accompanying this review. Much of the available data in the literature using wearable devices 

and inertial sensors to characterize PA comes from studies using adult populations. There is a 

subset of the literature focused on youth, but a few components are missing from that area. 

Among those is the use of data from multiple sensor types to characterize PA. The general 

framework this review is structured around is known as the Activity Recognition Chain (ARC)1, 

a five-step process for working with wearable device and inertial sensor data and obtaining a 

desired outcome. In the case of this review, that outcome will be primarily centered around 

activity recognition and classification. The ARC is comprised of five general steps: 1) data 

acquisition, 2) pre-processing, 3) segmentation, 4) feature extraction, and 5) classification.1  

Section 2: Introduction to Physical Activity Assessment 

PA is defined as any movement of the body that requires skeletal muscle contraction and 

increases the expenditure of energy above that which is required at rest.2 While seemingly simple 

in definition, PA is a complex and multi-dimensional behaviour comprised of related but 

independent constructs including physical activity, energy expenditure, and sedentary 

behaviour.3 The complex nature of PA can make it challenging to objectively assess, which has 
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long been of interests to researchers, scientific investigators, and medical and health 

professionals because of the well-established relationship between PA and positive health 

outcomes associated with regular PA participation.4-7 Similarly, the consequences of chronic 

physical inactivity include increased risk for developing a host of chronic disease conditions 

linked to decreased quality of life, morbidity, and pre-mature mortality.8-10 Some of the most 

prevalent chronic disease conditions in the United States (U.S.) include obesity, hypertension, 

Type 2 diabetes mellitus, coronary heart disease, and cancer.11 The current recommendation 

states that U.S. adults obtain 150 to 300 minutes of moderate-to-vigorous- aerobic PA per week 

and perform muscle-strengthening exercises on at least three days per week, yet many 

individuals fail to meet this guideline for maintaining or improving their health.12  

A multitude of methods exist to assess PA and are sub-divided into two primary 

categories 1) subjective and 2) objective. Subjective methods of PA assessment include self-

report surveys, recall questionnaires, PA diaries and logs, and phone or in-person interviews. 

Objective methods include device-based assessments using wearable devices and direct 

observation. Subjective PA assessment methods have been the primary means for assessing PA 

at the population level in the U.S. for decades, largely because of the ability to obtain a large 

sample of responses and a relatively low cost to administer on a large scale. For example, the 

majority of surveillance system PA data is collected using self-report survey data.13 Only one 

surveillance system, the National Health and Nutrition Examination Survey (NHANES), has an 

objective device-based component and it was only introduced in the early 2000s.14 However, 

while useful for gaining broad insight into general PA behaviour at the population level, self-

report methods of PA assessment lack temporal resolution and are subject to both recall and 

social desirability biases which in turn results in low precision estimates of PA15. Conversely, 
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objective device-based assessments of PA eliminate biases, provide greater temporal resolution, 

and provide the capability to continuously monitor movement which makes wearable devices 

popular among PA assessment researchers.  

Section 3: Physical Activity Assessment Using Inertial Sensors 

An important distinction when discussing the tools used to assess PA is between the 

physical sensors and wearable devices. The sensors make a physical measurement while the 

wearable devices acquire the measured data and convert it into a useable output that can be read 

and interpreted by an individual user or an instrument.16 The inertial sensors all have similar 

physical properties, defined by tolerances, sensitivities, dynamic ranges, precision, and 

accuracy.16 To achieve valid and reliable measurements with these devices, regular calibration 

checks are required for maintaining consistent and reliable device output.16 All of these sensor 

parameters are relevant when using device data to model various aspects of PA and should be 

evaluated accordingly when selecting a device for a task.16  

In the field of PA assessment, wearable devices containing inertial sensors have become a 

popular tool among PA researchers for the ability to non-invasively and continuously monitor 

movement. The output from these wearable devices is frequently used to relate to different 

aspects of PA: 1) energy expenditure (EE), 2) activity intensity, and 3) activity type; with the 

rationale being that higher frequency of movement stems from higher intensity activity and 

results in greater EE. Additionally, individual activities or domain-specific groups of activities 

with similar movement patterns result in characteristic patterns in the sensor signal. The device 

data can then be categorized based on the unique distinguishing characteristics in the sensor 

signal specific to the individual activity or activity group. While this review is primarily focused 

on the classification aspect of PA characterization, the motivation to improve the quality of data 
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and methods used for classification is linked to the EE and intensity components of PA 

assessment. If activities can be classified accurately then it could become relatively 

straightforward to estimate EE in a way that is easy to implement and interpret.17,18 This rationale 

ties the classification component of PA assessment to the EE estimation component in that one 

may benefit from the other but neither component is completely dependent on the other.  

3.1 Data Acquisition 

The first step in the ARC is data acquisition, which in the context of this review will refer 

to human movement data collected using inertial sensors contained within wearable devices and 

smartphones.1 The most common types of sensors used for PA assessment are accelerometers. 

Additional sensor types include gyroscopes, and inertial measurement units (IMUs – devices 

containing an accelerometer, a gyroscope, and sometimes a magnetometer), although these have 

been less commonly used for PA assessment. Accelerometers measure linear movement 

(acceleration and deceleration) and gyroscopes measure rotational movement (angular velocity). 

Magnetometers are most commonly used to measure the strength of the Earth’s magnetic, from 

which position and heading (i.e. cardinal direction) can be determined. However, they are 

susceptible to environmental interference which can make the signal noisy and difficult to for PA 

assessment. Accelerometers and gyroscope have been used individually but more emerging 

research is exploring the utility of using the data streams together for the added benefit of more 

information about the movement being assessed.19-21 The following section provides an overview 

of the different varieties of these three sensor types and how they have generally been used in PA 

research. 
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3.1.1 Accelerometers 

Historically, in the field of PA assessment, inertial sensor data has come from 

accelerometer sensors or from an accelerometer-based wearable device where the primary 

outcome data are transformations of accelerometer sensor data. Accelerometers measure both 

static (i.e. acceleration due to gravity) and dynamic (i.e. acceleration due to movement) linear 

accelerations.22 For PA assessment research, ActiGraph devices have been the most widely used 

research-grade monitors.23 ActiGraph has manufactured several generations of research-grade 

accelerometer-based PA monitors and these devices have traditionally been attached at the hip to 

be near the center of mass. However, in more recent years the wrists have become a popular 

alternative or complement to hip-worn devices. Other attachments sites include the thigh and 

ankle which are less practical but still occasionally used for research purposes.  In other 

disciplines where human activity recognition research is common, such as engineering and 

computer science, smartphones containing multiple sensor types are frequently used. One of the 

primary sensors in smartphones is an accelerometer. There are two primary types of 

accelerometers 1) piezoelectric and 2) microelectromechanical systems (MEMS) accelerometers 

and each have played a substantial role in the field of PA assessment. 

i. Piezoelectric Accelerometers 

Early accelerometer sensors were costly to manufacture and generally 

used a piezoelectric bimorph cantilever beam with a seismic mass mounted on the 

end.22,24 When the sensor experiences a change in acceleration, the force on the 

seismic mass causes the bimorph cantilever beam with the piezoelectric element 

to bend and deform.22,24 This deformation results in a charge developing on the 

sensor generating a voltage signal that is proportional to the magnitude of 
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acceleration the sensor undergoes.22 The piezoelectric bimorph cantilever beam 

configuration is frequently referred to as uniaxial since the cantilever beam is 

most sensitive to deformation due to dynamic acceleration in the plane in which it 

is oriented.22 Uniaxial piezoelectric accelerometers have the capability to measure 

omnidirectional accelerations but there is little to no way to differentiate the plane 

from which a dynamic acceleration occurs or to distinguish the relative 

contribution of accelerations in more than one plane to the total acceleration the 

sensor undergoes.22 This is a result of the overall sensitivity of the accelerometer 

sensor which is mainly a function of the physical properties of the sensor 

components.22 Uniaxial sensors could be configured orthogonally to measure 

differentiable dynamic accelerations in multiple planes.22 There are also newer 

integrated circuit piezoelectric sensors that are available as multiaxial sensors, 

most commonly in a triaxial configuration.22  

There are, however, some limitations to using piezoelectric 

accelerometers, principle among these limitations is the inability to measure static 

acceleration reliably.22,24 This is due to the sensor only providing alternating 

current coupled output; meaning the sensor can only reliably measure time-

varying dynamic accelerations.24 Another concern is charge leakage over time.22 

For example, a time-varying dynamic acceleration will cause a deformation in the 

bimorph cantilever beam and a proportional electrical charge to form.22,24 Over 

time the charge will start to dissipate even when held under a static acceleration of 

the same magnitude that formed the original charge.22 The rate of dissipation is 

dependent on the physical properties of the piezoelectric component of the 
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accelerometer sensor and can vary between sensors.22 An additional limitation of 

piezoelectric sensors is susceptibility to drift over time due to mechanical and 

environmental causes which requires regular sensor calibration.22,24  

ii. MEMS Accelerometers 

Newer sensor technology such as MEMS are used in nearly every iteration 

of current generations of research-grade accelerometer-based devices and in 

smartphones.24 The accelerometers contained in smartphones aid in determining 

the orientation of the phone screen from portrait to landscape views as well as 

function to quantify how many steps you take, much like they do in purposefully 

worn accelerometer-based activity monitors. These sensors function based on a 

capacitive response where the sensor capacitance changes proportionally to the 

magnitude of the acceleration the sensor undergoes which results in a stable 

signal.24 MEMS sensors produce direct current (DC) coupled output, which 

allows for the sensor to detect and capture both time-varying dynamic 

accelerations and static accelerations due to gravity.24 This capability allows for a 

richer acceleration signal that can be used to detect positional information as well 

as information about movement.24 MEMS sensors are semiconductors and require 

power to operate which affects battery life and requires regular charging.24 

Additionally, MEMS sensors are more robust to calibration concerns due to the 

stable transducers used and calibration that occurs during manufacturing to 

maintain the sensor stability.24  
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3.1.2 Gyroscopes 

While gyroscopes have been used in smartphone research in computer science and 

engineering, they have seen virtually no use in the field of PA assessment. When they have been, 

it has been to analyze gait patterns25-28, to detect falls and fall risk in elderly populations29-31, to 

detect changes in postural position and orientation32, and to quantify turning motions33, including 

the number of turns and the degree of the turn being made, during walking and running.34 Like 

accelerometers, gyroscopes are in most smartphones and aid in device orientation and image 

stabilization as the sensor is highly responsive to the turning and rotation movements made by 

users. There are three primary varieties of gyroscopes 1) mechanical gyroscopes, 2) optical 

gyroscopes, and 3) MEMS gyroscopes.  

i. Mechanical Gyroscopes 

Gyroscopes operate on the principle that an isolated spinning mass will 

maintain its angular position with respect to an inertial frame of reference.35 

When the mass undergoes a constant external torque at a constant angular speed, 

the axis of rotation undergoes a precession motion at a constant angular speed in a 

direction that is normal to the direction from which the constant eternal torque is 

applied.36 When external forces act on the center of the rotating mass, the angular 

position of the axis of rotation is unaffected.35 Most mechanical gyroscopes 

consist of a spinning mass mounted on two fixed gimbals. When the mass is 

rotating on its axis as intended, the mass should remain parallel to itself and be 

resistive to changes in its orientation. Mechanical gyroscopes exist in two primary 

forms: 1) mechanical displacement and 2) mechanical rate gyroscopes.  
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ii. Optical Gyroscopes 

Optical gyroscopes operate by detecting differences in time it takes two 

counter-propagating beams traveling in opposite directions to propagate through 

an optical path.35 Rotation induces changes in the length of the optical path 

resulting in phase differences between the two counter-propagating beams.35 

Optical gyroscopes operate under the Sagnac principle37, which states that two 

counter-propagating optical beams being propagated through a ring-shaped 

optical path change their phase if the ring-shaped optical path is rotating.35 This 

makes it possible to then relate the magnitude in the change of the phase to the 

relative angular speed of the optical ring.35,37 Optical gyroscopes primarily exist 

as 1) ring laser and 2) fiber optic gyroscopes.   

iii. MEMS Gyroscopes 

MEMS gyroscopes generally operate using a vibrating mechanical 

element to detect angular velocity.35 Coriolis acceleration is observed in a rotating 

frame of reference and is proportional to the angular velocity.35 The Coriolis 

acceleration causes energy to be transferred between two modes of vibration and 

the vibrating element in the sensor detects this transfer of energy.35 Unlike 

mechanical gyroscopes, there are no rotating components which makes for easier 

miniaturization and manufacturing of the sensor which has also helped reduced 

the overall cost of the sensors.35 MEMS gyroscope are what are contained in most 

IMUs, smartphones, and other multi-sensor wearable devices.  
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3.1.3 Inertial Measurement Units 

IMUs are used in many applications outside of PA assessment for navigation tasks to 

establish position and for system stability. The advantage of using an IMU over individual 

accelerometer and gyroscope sensors is that with IMUs, the sensors are contained in a single unit 

so all sensors can collect data simultaneously using a single device at a single attachment site.38 

This lends itself well to being able to combine the sensor signals using a sensor fusion technique, 

which is advantageous for some applications, including some aspects of PA assessment.38 

ActiGraph released its latest iteration of accelerometer-based PA monitors in 2014, the GT9X 

Link (GT9X). The GT9X contains the same primary triaxial accelerometer as the previous 

generation wGT3X-BT but now also includes an IMU, which contains a secondary triaxial 

accelerometer, a triaxial gyroscope, a triaxial magnetometer, and a thermometer to measures the 

sensor temperature inside the unit housing. The introduction of the GT9X put IMU use squarely 

into play for active research in the field of PA assessment, but to date, little research has been 

conducted using the GT9X IMU sensor data. 

3.1.4 Inertial Sensor Output 

Accelerometer sensors record linear accelerations and decelerations in gravitational units 

(g’s) and gyroscope sensors record angular velocity in radians•sec-1 or degrees•sec-1. Both sensor 

signals are recorded as continuous time series data. The rate at which data is acquired is called 

the sampling rate or sampling frequency and for most human movement applications ranges 

from 30-100 Hertz (Hz) in increments of 10 Hz. In other disciplines, the sampling frequency can 

be much higher if greater temporal resolution is required. The critical consideration when using 

inertial sensors to assess PA is to use a sampling frequency great enough to adequately capture 

the movements being made to satisfy the Nyquist-Shannon39,40 theorem criteria that the sampling 
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frequency must be at least two times the greatest frequency that needs to be captured. The upper 

limit for most vigorous, high-frequency human movements is between 8-10 Hz so a minimum 

sampling frequency of 20-30 Hz should be sufficient to capture the full range of human 

movements.22,24 These estimates are for trunk-based movements near the center of mass where 

hip-mounted wearable devices are typically worn, however, it should be noted that high-

frequency movements of the limbs may peak at closer to 25 Hz and may require a greater 

minimum sampling frequency to sufficiently capture the full range of human movements when 

devices are worn on the wrists or ankles.22  

There is added benefit when working with the raw sensor signals. There is a lot of 

valuable information about the movement being assessed that is contained within the 

information-rich signals. The raw signals, can however, be noisy, and otherwise difficult to deal 

with as the higher the sampling frequency, the more individual data points there are to work 

with. While the raw sensor signal is not always used during the modeling process, it is common 

to engineer derivations of the raw sensor signal (i.e. statistical features) to represent various 

temporal and spectral components of the signal more completely before the data is reduced to a 

more manageable window size, most commonly 1-second windows.41  

3.2 Pre-Processing 

The second step in the ARC is pre-processing, where the acquired data are cleaned to 

reduce artifact and noise by smoothing or filtering. The filtering and smoothing process may 

require calibration of the sensor to correct the collected data or -resampling of the sensor signal 

into a lower or higher resolution for further processing. The data filtering step is one of the most 

prominent components for inertial sensors as the raw sensor signal generally requires filtering 

before use and to make the sensor data more manageable to work with.22,24 Generally, a low-
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pass, high-pass, or band-pass (a band of high- and low-pass filter frequencies) filter is applied to 

the raw sensor data to 1) improve the linearity of the signal (i.e. the relationship between 

measured versus actual values) by attenuating data outside of the physiological range of 

possibility, and 2) reduce artifact in the signal due to electrical noise and sensor drift due to 

temperature or the sensor being out of calibration from aging or damage due to impact.16,22,24 

Most wearable device manufacturers typically apply an unpublished proprietary low-pass or anti-

aliasing filter to make sure the data satisfies the Nyquist-Shannon39,40 theorem criteria, which, if 

not sufficiently met, results in a phenomenon known as aliasing. Aliasing is the corruption of the 

sampled signal data and distortion of the represented original signal, which compromises the data 

considerably.24 The frequency limits of this filter vary by device manufacturer but are generally 

broad and in many cases require a secondary filter to achieve a cleaner signal representative of 

the human movement being measured.24 In many cases, the secondary filter is a band-pass filter 

and may be applied to attenuate signal noise and artifact outside of the desired frequency range.24 

For example, ActiGraph’s default band-pass filter for current devices is 0.25 – 2.5 Hz.42 This, 

however, is only applied to the data when converting the raw acceleration signal to ActiGraph’s 

activity count metric. 

Historically, in the field of PA assessment, raw g acceleration data has not been the unit 

most commonly used. Instead, the field has used an integrated unit of the filtered acceleration 

signal known as activity counts, a proprietary metric used to quantify movement in a given 

window of time (i.e. epoch). The process to generate counts requires a series of steps. First, the 

bidirectional analog voltage signal is filtered and amplified and then converted to a digital series 

of values representing the original acceleration data.22 The amplification step is dependent on the 

sensor hardware, the magnitude of the analog voltage signal representing the original 
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acceleration data, and the analog to digital (A/D) conversion factor (e.g. 8-bit conversion).22 

Next, the bidirectional digital acceleration values must undergo full-wave rectification (i.e. 

taking the absolute value of the signal) to make all of the values positive.22 Then the rectified 

signal is band-pass filtered and can be integrated (i.e. summed) by taking the area under the 

curve in a specified window of time.22 The result is an activity count value per unit of time (i.e. 

epoch) to represent the body movements that occurred during that time window with higher 

count values corresponding to greater movement frequencies. There are, however, some 

limitations to using counts to characterize PA. One primary limitation is the loss of resolution 

that occurs due to signal integration.22 The ability to segment data of different intensities or 

movement frequencies is diminished because of this lack of resolution since some periods of 

high-frequency movement and low-frequency movement occur sequentially and may fall in the 

same epoch if a longer epoch is selected.22 Conversely, if a short epoch length is selected the 

resulting data may not be practically useful for characterizing PA since nuances in movement 

frequencies in such small windows have little to no practical physiological meaning.22 

Historically, count data has been used in 1-minute epochs. This results in counts being used more 

descriptively to characterize PA data by quantifying overall PA and time spent in different PA 

intensities.43,44 This makes the choice of epoch length critical to how the data are presented, and 

results are interpreted and must be carefully considered.22  

In recent years, as technology has evolved and improved, more researchers have opted to 

use the raw acceleration data instead of counts. One benefit to using raw sensor data to 

characterize PA includes greater compatibility and comparability.45,46 Using the raw sensor data 

should result in greater compatibility across device brands as the data collection and data 

modeling processes can become more standardized and the resulting sensor data should be near 
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equivalent for devices of different brands worn at the same attachment site during the same 

activities.45,46 Similarly, using the raw signal instead of proprietary, manufacturer-specific units 

(i.e. counts) should result in greater comparability between studies using different device brands 

as the data will all be in non-proprietary units.45,46 

Once a stable, clean, and manageable sensor signal is attained, additional pre-processing 

steps may involve normalization and unit conversion.1,47 In the case of IMUs, an additional pre-

processing step may include signal fusion.1,47 This involves combining the signal from two or 

more types of sensors, most frequently the accelerometer and gyroscope signals from an IMU. 

One reason to fuse the signals is to achieve a single, more information-rich data stream which 

can be useful in some applications. Another reason is to achieve greater signal stability to reduce 

the measurement error in each individual signal.1,47 Alternatively, sensor fusion is of interest in 

some cases. This involves pre-processing the individual sensor signals individually so the 

information unique to each signal is retained and then finally the data from the two sensors are 

synchronized and merged, in other words, fusing the data from the two sensors into a single data 

source. The use of both accelerometer and gyroscope sensor data in assessing PA is the best 

example of sensor fusion since the two signals remain independent of one another, the data are 

just leveraged from both sensor types to classify PA. Lastly, a final step in pre-processing is the 

synchronization and aggregation of multiple data streams into a single dataset. For example, in 

the field of PA assessment, this is often the synchronization and merging of the time series 

sensor data with criterion activity labels from direct observation and criterion EE data from 

indirect calorimetry.   
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3.3 Segmentation 

 The third step in the ARC involves segmentation of the pre-processed data into sections 

believed to contain meaningful information about the target outcome of interest.1,41 The three 

primary ways to segment time series data are 1) activity-defined windows, 2) event-defined 

windows, and 3) sliding windows (i.e. windowing).41,48 Of these three approaches, windowing is 

the most commonly used as it is useful for static PA behaviours (e.g. posture changes), dynamic 

and periodic PA behaviours (e.g. walking and running), and intermittent PA behaviours (e.g. 

household chores, sports).49 Windowing segments the data into fixed window lengths that 

typically do not overlap. Window sizes vary from less than 1-s to greater than 1-min but are most 

commonly 1-s or smaller.41 Activity-defined windows are based on the detection of changes in 

activity which then partitions the data stream by the number of activities detected. Lastly, event-

defined windows require the detection of specific events in the data to further subset the data in 

partitions. For example, when walking, the heel strike of the foot is a distinguishable event that 

can be detected in the acceleration signal. This specific event can be used to partition the data 

stream by each step that occurs.      

3.4 Features 

The fourth step in the ARC pertains to feature extraction.1 Features are statistical 

transformations and representations of the raw sensor data. In order to model wearable device 

data most efficiently and effectively, these statistical transformations of the raw data are 

calculated to represent different aspects of the device output and increase the variance in the 

dataset. There are a large number of features that can be computed and extracted from the raw 

sensor data, but they generally fall in the following categories: 1) time domain, and 2) frequency 

domain. Figo et al.47 covers in specific detail the motivation and mathematical computation for a 
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vast array of both time and frequency domain features. Preece et al.50 provides an overview of 

how features play a role in classification and demonstrate the importance of choosing the right 

features for a task. Liu et al.51 is a frequently referenced paper in the field of PA assessment as 

they provide a fairly comprehensive list of possible features to extract from accelerometer sensor 

data. These studies indicate that the choice of features impact the outcomes of a study and should 

be chosen carefully. Another point of emphasis is that different features will result in 

performance differences between classifiers and should be considered accordingly when 

development classifiers for a specific outcome. 

i. Time Domain Features 

Time domain features quantify and represent aspects of the device data 

over a specified unit of time, hence the time domain designation.47 Additionally, 

time domain features may be the most frequently used and are likely the most 

identifiable to those new to machine learning. Examples of common time domain 

features include the following statistical metrics that generally describe different 

aspects of the sensor signal with respect to time: mean, median, variance, standard 

deviation, coefficient of variation, minimum, maximum, range, correlation, 

integration (i.e. area under the curve), and zero-crossings (i.e. the number of time 

a bi-directional sensor signal crosses zero and changes signs).47   

ii. Frequency Domain Features 

Frequency domain features are particularly useful for quantifying and 

recognizing repeated patterns in a sensor signal as pattern repetition often 

corresponds to similar movements being performed and may even include a 

rhythmic or cyclic pattern to indicate an exact activity such as walking or 
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running.47 One of the most commonly used techniques to transform the raw 

sensor signal to the frequency domain is to deconstruct the signal into its 

constituent parts is by computing a Fourier transform of the signal. Both the 

discrete and fast Fourier transforms (FFT) are frequently used to extract valuable 

signal characteristics such as the DC component (i.e. the first spectral coefficient 

in the frequency spectrum).47 Additionally, other frequency domain features are 

obtained through a full spectrum analysis that provides information about the 

energy of the sensor signal and how it is distributed across a range of frequencies. 

From this information the dominant frequency can be obtained (i.e. the frequency 

band in which the majority of the signal energy is found) as well as peak power of 

the dominant frequency.47 The frequency domain also includes wavelet 

transformation, which is frequently used to extract time-frequency feature 

information from the signal.47  

3.4.1 Feature Extraction 

Discussion of features is synonymous with machine learning for both regression-based 

and classification tasks.48,52-63 As evidenced in the above summary, there is a multitude of 

features47 that can be extracted from the raw sensor signals but there is no established practice 

for what features are most relevant, have the greatest predictive power, and are the most 

discriminative for a given task. Thus, the feature extraction process is considered a critical step 

when modeling wearable device data. There is a balance to consider when extracting features 

from the original data source, however, and that is somewhat contingent on the number of data 

samples available. As the number of features approaches and begins to exceed the number of 

data samples, the “curse of dimensionality”64 begins to come into question.65 This refers to the 
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high dimensionality of the dataset created by the large number of features extracted.65 The 

problem this creates is that the feature space for discriminating between data points is minimized 

and the predictive power of the available information with the large number of features is 

diminished. Thus, it is common to perform either dimensionality reduction or feature selection 

procedures to only include the most relevant and strongest predictors in the final modeling step. 

This reduces redundant and potentially covarying features in the dataset which shrinks the 

dimensionality of the data and will additionally improve the computational cost and efficiency 

when modeling. 

3.4.2 Dimensionality Reduction 

To reduce the dimensionality of the dataset, a procedure such as principal component 

analysis can be used to map the original features into a lower dimension feature subspace.66 The 

goal here is to not only reduce the dimensionality of the data but also to maximize the variance in 

the dataset.48 For example, the first principal component will have a direction that corresponds to 

the direction of the greatest variability in the data.48 Reducing the dimensionality of the dataset 

results in lower computational cost and greater computational efficiency.  

3.4.3 Feature Selection 

Another more common method to reduce the feature subspace is to perform a feature 

selection procedure to choose the most useful subset of features out of a given feature space for 

the task at hand. There are both forward selection and backward elimination feature selection 

methods. Forward selection starts with a single variable or small subset of variables and then 

progressively incorporates more variables sequentially making the subset get progressively larger 

until an optimal subset has been achieved. Backward elimination starts with the entire feature set 

and progressively eliminates the least useful features leaving only a subset of the most useful 
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features for the outcome of interest. There are three primary methods of feature selection: 1) 

wrapper, 2) filter, and 3) embedded.54  

i. Wrapper 

Wrapper methods are specific to the outcome of interest and irrespective 

of the model type. Essentially, the model is treated as a black box that blindly 

assesses the predictive power of subsets of features for the outcome of interest.54 

Wrapper methods are most commonly used with a “greedy” search approach of 

either forward selection or backward elimination to test all possible combinations 

of features to achieve the best subset for the model type being used for the 

problem.54 Some examples of general wrapper methods include recursive feature 

elimination, sequential feature selection, and genetic algorithms.  

ii. Filter 

Filter methods are considered to be generalizable because the features 

selected are irrespective of the model type and outcome of interest. The reason for 

this is that subsets of features are selected by filter methods as a pre-processing 

step.54 Because filter methods are frequently used as a pre-processing step and to 

reduce dimensionality, it is not uncommon to then apply a wrapper method for the 

outcome of interest with the specific model being used for the task at hand.54 

Examples of common filter methods include correlations, information gain, and 

variance threshold.  

 

 



   

 33 

iii. Embedded 

Embedded methods are feature selection procedures built-in to or 

embedded within the model.54 For example, regularization of logistic regression 

models and tree-based approaches (i.e. classification and regression trees - 

CART67) have built-in methods for selecting subsets of features or ranking 

features based on relative importance for the outcome of interest.54 In cases where 

dimensionality and computational cost are not a major concern, it is common to 

use embedded methods and allow the model to select feature subsets objectively 

based on the task at hand.  

Section 4: Modeling Wearable Device Data 

The final step of the ARC is modeling the sensor data for an outcome of interest.1 As 

previously mentioned, wearable device data are frequently used to model different PA outcomes, 

including estimating EE, tabulating time spent in different PA intensities, and classify PA type. 

Modeling these outcomes falls into two general categories for: 1) regression-based tasks for 

continuous outcomes, and 2) classification-based tasks for categorical outcomes. EE is a 

continuous outcome so modeling wearable device and inertial sensor data for EE estimation are 

all regression-based tasks. One example of this would be regressing the continuous time-series 

data from the device, either counts or the raw sensor signal, against a criterion measure (i.e. 

indirect calorimetry or direct observation). The resulting regression equation can then be applied 

to new data to estimate how much EE is expended during an activity or bout of activity. To date, 

this has been the bulk of the wearable device research conducted in the field of PA assessment. 

There are other methods used to estimate EE, including machine learning models, however, at 
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the core, the tasks these algorithms are built to solve are regression-based because the outcome 

of interest is continuous.  

 The second task is classification. This applies to a categorical outcome such as a finite 

number of activity classes represented as either a binomial or multinomial outcome. In this case, 

the time-series data from the wearable device, either counts or the raw acceleration signal, are 

used to differentiate between different activities and bin the data based on what the probability a 

data point or set of data points belongs to a certain activity class based on the criterion labelled 

input variables. There is considerable interest in classifying human movement data using 

wearable device data.1,52,68-71 As previously mentioned, the PA classification aspect of PA 

assessment using wearable devices is the component of interest for the proposed studies 

accompanying this review.  

4.1 Machine Learning Overview 

 Machine learning functions at a basic level as simple pattern recognition. It is the 

automated process of recognizing, describing, grouping, predicting, and classifying data and has 

a wide variety of applications and is used in many different disciplines of study.60 For example, 

in the case of wearable device data, this might be the recognition of patterns in the sensor signal, 

grouping based on the magnitude of the count values, or describing the variations in the time-

series data from a wearable device. This information can be used to train a machine (i.e. 

statistical model) to learn information from the inputted data and then make predictions or 

classifications from what it has learned about the data.59,60,72 Machine learning and pattern 

recognition are broadly distinguished as either 1) supervised learning, or 2) unsupervised 

learning tasks.  
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i. Supervised Learning 

Supervised learning involves using labelled data to train models to predict 

or classify an outcome of interest.38 In the context of this paper, this involves 

taking criterion labelled input data (i.e. merged accelerometer data and direct 

observation activity labels, so the model learns what movement data are 

associated with different types of activities) and training a classifier to be able to 

make a classification on new unknown data without the activity labels. To 

accomplish this, the data are frequently split into training and holdout (i.e. testing) 

datasets where the training dataset is used to develop the model and then the 

model is tested on the holdout data it has not yet seen to gauge how it performs 

and might generalize. In cases where there is not a lot of available data, a model is 

trained using leave-one-participant-out cross-validation (LOOCV), leave-one-

group-out cross-validation (LOGOCV), or k-fold cross-validation.59,73,74 In the 

case of LOOCV and LOGOCV, each participant or group of participants are held 

out of the development process and a model is developed using the data from 

other participants or groups and then tested on the single holdout participant or 

group of participants. Alternatively, in the case of k-fold cross-validation, the 

dataset is partitioned into ‘k’ partitions and a model is developed using all but one 

partition and then tested on the held out partition and the process is repeated until 

all partitions have been used as holdout data. The performance on each holdout 

partition is then aggregated to give an indicator of overall model performance.  
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ii. Unsupervised Learning 

In many cases, there is no criterion labelled data available to train a model. 

These instances are where unsupervised learning is necessary. Since no 

information is available to guide the training process, oftentimes clustering 

algorithms, such as k-means clustering, are used to determine how data are 

grouped objectively and then potential insights can be gained from the clusters of 

data.38 A second use for unsupervised learning is for reducing dimensionality. 

High dimensional data occurs when there are more input features than there are 

training data points (i.e. “the curse of the dimensionality”)65. This is a process that 

examines the interrelatedness of the input features and reduces the total number of 

features by eliminating redundant features from the dataset. This results in a 

sparser dataset which is advantageous in terms of both computational cost and 

efficiency.  

4.1.1 Bias-Variance Tradeoff 

 When building a supervised learning model, it is important to consider not only how well 

the model does with the training data but also how well it will do with holdout data and then 

eventually entirely new out-of-sample data. This consideration is frequently referred to as the 

bias-variance tradeoff.57,59,72,75 Bias is the error (difference) between the average prediction the 

model makes and the correct class that the model is attempting to predict. High bias results in 

oversimplified models that do not fit the training or testing data very well. Variance is the error 

that results from the trained model being sensitive to small variations and nuances in the training 

data. High variance results in a model that fits the training data well but does not fit the testing 

data well.  
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Ideally, a balance can be struck that results in a good fitting model that performs well on 

the training data but also generalizes and performs well when tested with the holdout data. More 

often, the trained model either under- or over-fits the training data. Underfitting the training data 

results in a model with high bias and therefore does not perform well with the training or testing 

data. Conversely, overfitting the training data results in high variance. In most cases when fitting 

a model, there is a concern of overfitting.76 To reduce the possibility of the final model 

overfitting the training data, individual model hyperparameters are tuned and optimized and 

precautions are taken, such as random re-sampling and cross-validation, to reduce the likelihood 

of overfitting.59,72,77 The model excellently classifies the training data as the model has learned 

all of the intricacies and nuances of the training data structure.  

4.2 Machine Learning Model Types 

4.2.1 Bayesian Networks 

Bayesian networks use Bayes theorem to describe the probability of an event based on 

known conditions related to the event. This particular type of statistical inference is called 

Bayesian inference which is used to develop probabilistic graphical models to compute 

probabilities of an event or series of events. 

i. Naïve Bayes 

Naïve Bayes is based on Bayes probability theory and is considered a base 

level classifier and has been used extensively for classifications tasks in various 

disciplines.55,78 While naïve Bayes is considered to be a simpler approach than 

many other machine learning techniques, it is generally competitive when 

compared to other more sophisticated approaches for the same task. The 

probability of an outcome of interest, given the input features, is computed using 
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the training data provided as a conditional probability distribution.79 Naïve Bayes 

assumes the input features are conditionally independent of one another given the 

outcome of interest.79 This is done to simplify the probability calculation. Naïve 

Bayes has no parameters to optimize making it a computationally inexpensive 

classifier. However, this comes at a cost, as naïve Bayes performance typically 

deteriorates as the size of the dataset grows.55,78  

ii. Hidden Markov Models 

Hidden Markov models are a specific type of Bayesian network based on 

the Markov process, which assumes that future events are independent of past 

events with respect to present events.80 Hidden Markov models allow for the 

computation of the joint probability of “hidden” states given the information in 

available observations.80 This representation of the probability distributions over a 

sequence of observations makes Hidden Markov models useful for modeling time 

series data.80  

4.2.2 Logistic Regression 

 Logistic regression is a widely known and used statistical classification technique. 

Hosmer and Lemeshow81 showed that the relationship between an outcome of interest and the 

input features can be determined by the ratio of odds from the training data provided.55,78 The 

odds ratios are then used to predict the probability of what class a given data point belongs 

to.55,78 By itself, logistic regression is a fairly standard base-level classifier, used similarly to 

Naïve Bayes as a starting point, as it is computationally inexpensive in most cases and has many 

applications due to the output being interpreted as probabilities. However, logistic regression 
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does frequently require a large sample size to make stable classifications and it can be 

susceptible to multicollinearity.55,78   

i. Regularization (Shrinkage) of Logistic Regression 

In cases where there are a large number of input features, logistic 

regression can become more computationally expensive and the resulting 

coefficients can become more difficult to interpret. Logistic regression models 

with large sets of input features are also the ones most susceptible to 

multicollinearity. One way to address this issue, as well as the concern of 

overfitting, is to use a shrinkage parameter which shrinks the value of coefficients 

for non-relevant or unimportant features.82 Regularizing logistic regression results 

in lower variance which means the model is less prone to overfitting and should 

generalize to new data more effectively than standard logistic regression.  The 

shrinkage parameter, lambda, serves as a penalty term, that penalizes non-relevant 

variables by shrinking their coefficients, so those variables do not influence the 

model as heavily. Regularization comes in two primary forms, ridge regression 

and least absolute shrinkage selector operator (Lasso). 

a. Ridge 

In the case of Ridge regression, a penalty equal to the squared magnitude 

of the coefficients multiplied by the value of lambda is added to the loss 

function.59 This penalizes the variables the model overemphasizes by shrinking 

the coefficients towards zero but not to zero.59 The larger the value of lambda, the 

closer the coefficients of overemphasized variables are driven to zero.59 While 

this is useful in cases where there are not many features and plenty of data points, 
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Ridge does not eliminate any non-relevant variables from the model which does 

not ultimately reduce the model variance.59  

b. Lasso 

In the case of Lasso, a penalty equal to the absolute value of the 

magnitude of the coefficients multiplied by the value of lambda is added to 

coefficients the model overemphasizes.59 Unlike Ridge, this drives the 

coefficients of overemphasized variables exactly to zero, thereby removing them 

from the model entirely.59 This results in a simpler, sparser model that is 

essentially a subset of the original input features. This is useful as a step in 

determining the most relevant features for a classification task as well as serving 

as an automated subset selection process when logistic regression is the model 

type of interest.  

4.2.3 K-Nearest Neighbors 

 K-nearest neighbors is considered an instance-based machine learning approach that 

works by comparing a data point to the surrounding data points (i.e. neighbors) to determine 

what class the data point should be classified as based on its proximity to other data 

points.50,55,60,78 The intuition is that data points from the same class will be generally clustered or 

grouped together. The ‘k’ value is the parameter that is optimized and is essentially the number 

of neighbor data points the instance being classified is compared to in order to decide which 

class it should belong to.  In the case of classification, this can be viewed as a majority voting 

procedure.  
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4.2.4 Support Vector Machines 

 Support vector machine models are complex but often result in generally high 

performance for a variety of classification tasks. Support vector machines function by mapping 

training data points in a multi-dimensional feature space to allow for greater separation of data 

points than would be possible in a single dimension feature space.55,78  Hyperplanes are then 

created to separate the data points in the multidimensional feature space to maximize the 

minimum distance between data points that are in different classes.55,78  The data points are 

classified based on the hyperplane in which they reside. Support vector machines routinely 

perform well in cases where there are a large number of input features and are useful for 

modeling non-linear trends in data by using different kernel functions.55,78   

4.2.5 Artificial Neural Networks 

 Artificial neural networks were developed to function similarly to a biological 

neurological pathway. Statistically, this works by taking a series of input data and feeding the 

data into intermediate nodes, often called the hidden layer(s).55,78 The connections between input 

nodes and the nodes in the hidden layer are assigned a weight parameter that factors into the 

transformation of the input data in each hidden layer node.55,78  Each connection between nodes 

has a weight value assigned and this weight parameter is what is generally modified and adjusted 

during the learning process based on the initial weight values.55,78 The weighted input data are 

then processed through an activation function that propagates a classification or prediction on to 

the next hidden layer node(s) or as the final output.55,78 The number of nodes and the number of 

layers of nodes can be varied based on each individual problem. Artificial neural networks are 

commonly used for a variety of machine learning tasks but typically perform better with large 

volumes of data which is not always feasible or practical. Additionally, artificial neural networks 
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are generally computationally expensive in terms of both resources and time required to train the 

model.  

 In recent years, a new spin on artificial neural networks has emerged and is frequently 

referred to as deep learning. This machine learning technique is considered to be at the forefront 

of artificial intelligence. Deep learning models are at their core neural networks. The deep 

learning aspect of the name refers to the model depth or the number of nodes and layers in the 

model which is typically much greater than a standard neural network. The main benefit of deep 

learning is that instead of training the neural network for a given task using a training dataset, the 

deep learning model learns on its own and continues to evolve as new data become available 

without the required training step.  

4.2.6 Decision Trees 

 Decision tree models are rule-based classifiers that create splits in the data based on 

perceived variable relevance.55,78  To create these splits, information gain, entropy, or Gini 

criteria are frequently used to determine when a split should occur and create a new branch and 

new leaves of the tree.55,67,78  Decision trees are logic-based and not math-based and can thus 

often be expressed visually making them more approachable in terms of explanation and 

interpretation. Decision trees are fairly computationally inexpensive in terms of training time, but 

they can be prone to overfitting if not optimized and pruned appropriately.  

4.2.7 Ensemble Models 

 It is common practice to train several machine learning models to see which may be best 

suited for a given problem.50,55 One way to accomplish this would be to use a series of models, 

often called an ensemble, and use the predictions or classifications from each model to inform 



   

 43 

the final decision.77 This can be done using multiple weak classifiers and using a majority voting 

or weighted voting procedure to establish what the final outcome should be.77 This, in theory, 

should achieve higher performance than using multiple weak classifiers individually.77 While 

this ensemble process can be done manually using a variety of classifier types, the following 

three tree-based models are frequently used as standalone ensemble approaches.77  

i. Bootstrap Aggregation (Bagging) 

Bagging or bagged decision tree models function by growing multiple trees using 

subsets of the data and all available predictors. The decisions of each of the 

individual trees are then averaged and the final decision is based on the most 

commonly occurring class. 

ii. Boosting 

Boosted decision tree models function by growing multiple trees in sequence with 

each tree using a subset of the data. This process typically starts out by growing 

simpler trees and the subsequent trees grown in the sequence learn from the errors 

made in the previous trees thereby “boosting” the performance of trees further 

along in the sequence.  

iii. Random Forest 

Random forest models function by taking the bagging procedure one step further 

by growing multiple trees but instead of each tree using all predictors to make 

decisions about the subset of data, each tree using a random subset of the 

available predictors as well. The decisions of each of the many trees are pooled 

using a weight or majority voting procedure to make stronger final classifications 

about the outcome of interest. Random forest models are popular for many 
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machine learning tasks as they generally perform well, are computationally 

affordable in most instances, and are robust to noise and less prone to overfitting 

than standard decision trees.   

Section 5: Characterizing Physical Activity using Wearable Device and 

Inertial Sensor Data 

Now that the five steps of the ARC have been covered to provide context for the 

proposed studies accompanying this review, this section of the document will focus on how the  

wearable device data has been used to characterize PA over the last two decades when wearable 

devices began to be implemented in studies assessing PA behaviour. While not limited to these, 

there have been a number of studies conducted in both youth and adult samples that use machine 

learning techniques to model count and raw acceleration data for classifying PA type. The most 

common machine learning algorithm classifiers used to date include: hidden Markov models83, 

artificial neural networks55,84-100, K-nearest neighbors55,88,91, support vector machines55,88,90-92,101-

107, decision trees55,90-92,107,108, logistic regression17,55,90,102,107, naïve Bayes55,88,90,107, and random 

forest55,88,91,92,104,105,109-111 models.  

5.1 Classifier Development and Within-Sample Cross-Validation Performance 

The current structure for developing a classifier or predictive model using wearable 

device or inertial sensor data requires some structure to adequately capture the information 

needed to develop the algorithm. In many studies, referred to as calibration studies, participants 

are instructed to complete a battery of structured or semi-structured activities for a specified 

length of time. While participants are performing the activities, they are directly observed, or 

video recorded to make a time-stamped record of when activities start and stop and what 
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behaviours and postures occur during the activity window. These time stamped direct 

observation logs are later merged with the time series device data, so a record exists where for 

each epoch, a criterion label exists to correspond with the sensor data. In doing so, supervised 

classifiers and predictive models can be developed, and model performance can be assessed 

directly since the data labels are known quantities. Below are summaries of some key studies in 

the field of PA assessment in both youth and adults using both counts and raw acceleration data. 

These studies use machine learning to classify PA and the performance results reported are all 

within-sample cross-validation summaries.  

Bao and Intille49 collected data on 20 apparently healthy adult participants (13 males, 7 

females, mean age 21.8 yrs) who each wore five biaxial accelerometers (ADXL210E; sampling 

frequency 76.25 Hz). Devices were positioned on the upper arm, wrist, hip, ankle, and thigh. 

Twenty different activities were prescribed but performed under free-living conditions without 

direct observation and instead the criterion labels came from users annotating the start and stop 

time of each activity. Activities included walking, sitting, standing, watching tv, running, 

stretching, scrubbing, laundry, brushing teeth, riding an elevator, waling carrying a load, working 

on a computer, eating/drinking, reading, cycling, resistance training, vacuuming, lying down, 

stair climbing, and riding an escalator. Data were collected on two separate days, once where all 

activities were performed in an obstacle course style format where the activities were goals for 

participants to complete as if they were engaging in that activity under free-living conditions. On 

the second visit, a random subset of the 20 activities were performed in a specific order but 

participants still noted the start and end time of each activity period. These structured data served 

as the validation dataset. Time and frequency domain features were extracted from 6.7-s 

windows with a 50% overlap. Naïve Bayes, instance-based learning, decision table, decision tree 
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classifiers were developed for classifying PA type. Classifiers were evaluated using user-specific 

data and using a LOOCV procedure where classifiers were trained using the structured data and 

tested using the obstacle course data. For the user-specific training classification accuracy ranged 

from 34.9% to 71.6% and 46.8% to 84.3% for the LOOCV procedure using data from all five 

attachment sites. The decision tree classifier achieved the highest classification accuracy, 77.3% 

for the user-specific procedure and 73.0% for the LOOCV procedure. To determine the relative 

contribution of each attachment site, the difference in overall classification was examined for 

each attachment site individually. Classification accuracy decreased between 29.5% (thigh) and 

63.7% (arm) depending on the attachment site. The authors did note that if data from two 

attachment sites was retained, in this case either thigh and wrist or hip and wrist, classification 

accuracy only decreased by approximately 4.1% and remained above 70.0% overall.  

 Pober et al.83 collected data on six apparently healthy adult participants (four males, two 

females, mean age 24.9 yrs). Participants wore an ActiGraph 7164 uniaxial accelerometer-based 

activity monitor on the right hip while performing a series of four semi-structured activities for 

seven minutes each under laboratory conditions including 1) treadmill walking, 2) treadmill 

walking uphill, 3) vacuuming, and 4) seated computer work. A supervised quadratic discriminant 

analysis model using 15-s count values and an unsupervised hidden Markov model using second-

by-second data were trained and cross-validated using a LOOCV procedure. Within-sample 

classification accuracies of 70.9% and 80.8% were achieved using the quadratic discriminant 

analysis and hidden Markov models, respectively.  

Crouter et al.112 collected data on 48 apparently healthy adults (24 females, 24 males, 

mean age 35 yrs) for the purpose of developing a novel approach to estimate EE using a two-

regression approach instead of the standard single regression method in an effort to better model 
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the data from locomotion activities and intermittent lifestyle activities. These data were later 

used by Staudenmayer et al.86 to classify PA type using an artificial neural network. Participants 

completed at least one of three activity routines comprised of six activities each lasting 10 

minutes in duration while wearing an ActiGraph 7164 accelerometer-based activity monitor on 

the hip (sampling frequency 30 Hz; 1-s epochs). Activities included: 1) lying, 2) standing, 3) 

computer work, 4) filing paperwork, 5) stair climbing at a self-selected pace, 6) cycling at a self-

selected work rate, 7) overground walking (~3 MPH), 8) overground walking (~4 MPH), 9) 

basketball (1v1), 10) racquetball (1v1), 11) overground running (~5 MPH), 12) overground 

running (~7 MPH), 13) vacuuming, 14) sweeping/mopping, 15) washing dishes, 16) mowing the 

lawn (push mower), 17) raking grass/leaves, and 18) washing windows. Activities were 

collapsed into four categories: 1) low level of activity, 2) household/other, 3) locomotion, and 4) 

vigorous sport. The following time domain features were extracted from the count data in one-

minute windows: the 10th, 25th, 50th, 75th, and 90th percentiles of the vertical axis counts, and the 

lag-1 autocorrelation. Using a within-sample LOOCV procedure to estimate performance, a 

classification accuracy of 88.8% was achieved.  

Bonomi113 collected data on activities of daily living in 52 health adult participants (29 

males and 23 females; mean age: 29.2 yrs) under laboratory conditions. Participants wore a 

triaxial accelerometer (Tracmor; 20 Hz) on the waist and performed the following series of PA 

behaviours: 1) lying, 2) standing, 3) washing dishes, 4) sweeping, 5) treadmill walking, 6) over-

ground walking (indoors and outdoors), 7) walking - ascending and descending stairs, 8) 

stationary cycling, 9) over-ground cycling, 10) treadmill running, and 11) over-ground running. 

Speeds were not reported for the walking and running activities. The activities were collapsed 

into six activity groups: 1) lying, 2) sitting/standing, 3) dynamic/transitions, 4) walking, 5) 
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cycling, and 6) running. The following features were extracted from 6.4-s windows and 

normalized: mean, standard deviation, kurtosis, skewness, range, cross-axis correlation, 

accelerometer angle, spectral energy, spectral entropy, peak frequencies, and cross-spectral 

densities. A decision tree, a neural network, and a support vector machine were developed to 

classify the six-class activity groupings. Additionally, a majority voting procedure was created to 

aggregate the decisions of the three individual classifiers. LOOCV was used to estimate model 

performance on the training data where classification accuracy ranged from 91.4% to 95.1% 

across the six activity classes.114  

De Vries et al.85 collected data on 49 apparently healthy adult participants (21 males, 28 

females, mean age 38 yrs). Participants wore an ActiGraph GT1M accelerometer-based activity 

monitor on the right hip and right ankle and performed a series of structured activities under 

laboratory conditions including sitting, standing, stair climbing, walking, and cycling for a total 

of approximately 45 minutes. The following time domain features were extracted in one-minute 

windows: 10th, 25th, 75th, and 90th percentiles, absolute deviation, coefficient of variability, and 

lab-one autocorrelation. Artificial neural networks were developed to classify the five activity 

classes using 1) only hip data, 2) only ankle data, and 3) hip and ankle data combined. 

Classification accuracies across the five classes averaged 80.4%, 77.7%, and 83.0% for the hip, 

ankle, and combined models.  

In a separate study, De Vries et al.85 collected data on 58 apparently health youth 

participants (31 males, 27 females, mean age 11 yrs). Participants each wore an ActiGraph 

GT1M uniaxial accelerometer-based activity monitor and an ActiGraph GT3X triaxial 

accelerometer-based activity monitor on the right hip and right ankle. The following series of 

semi-structured self-paced activities were performed by each participant under laboratory 
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conditions in 20-minute period: sitting, standing, walking, running, skipping rope, soccer, and 

cycling. The following time domain features were extracted from one-minute windows: 10th, 

25th, 50th, and 90th percentiles, lag-one autocorrelation, absolute deviation, and coefficient of 

variability. Four artificial neural networks were developed, one for each attachment site and each 

monitor. Classifier performance was estimated using a within-sample LOOCV procedure. The 

uniaxial classifiers average classification accuracy was 72.0% (hip) and 57.0% (ankle) compared 

to 77.0% (hip) and 68% (ankle) for the triaxial classifiers.   

Ruch et al.115 collected data on 41 healthy youth participants ages 9-12 years old. 

Participants wore a uniaxial ActiGraph GT1M device on the hip and wrist for seven days. During 

the week of measurement, participants were video recorded for an average of 7.3 hours in bouts 

of 1-3 hours. Video observations were recorded during 1) class instruction at school, 2) physical 

education participation, 3) unstructured free-living activity in the home, 4) time spent outdoors, 

and 5) during structured leisure-time activity. During analysis of the video recordings, activities 

were grouped homogenously into nine principal classes including: 1) stationary activities (e.g. 

sitting, lying, standing), 2) walking, 3) running, 4) jumping, 5) floor exercise (e.g. gymnastics, 

tumbling), 6) biking, 7) horseback riding, and 8) crawling, and 9) scooter, however, the “scooter” 

class was eliminated due to insufficient data existing in the dataset. The full dataset was 

randomly partitioned into training (n = 21) and testing (n = 20) subsets. Three model types were 

developed and trained on the 1-s data from the 21 training participants including k-nearest 

neighbor (KNN), custom decision tree, and a normal density discriminant function model. The 

three models were used together to classify holdout data from the test dataset using a majority 

vote based on the decision from each of the three individual classifiers. If no majority vote could 

be achieved due to individual classifier disagreement, the final classification was labeled as “not 
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assigned”. Overall, a maximum classification accuracy of 67% was achieved by the KNN and 

majority vote developed using both hip and wrist data together. The maximum classification 

accuracy using only hip data was 59% (KNN). The relatively poor performance of the classifiers 

in this study may be largely attributable to the dataset being comprised of unstructured free-

living activity. A primary contribution of this study is the majority vote component. This is 

essentially an ensemble approach and can easily be modified and adapted for use in other studies 

and may help improve overall classification accuracy and performance when translating from 

structured lab-based activities to unstructured free-living activities.   

 Zhao et al.102 collected data on 69 healthy children ages 3-5 years old who completed a 

structured protocol over a 7-hour period while being directly observed. Participants wore a 

triaxial ActiGraph GT3X+ (30 Hz) on the right hip. The multinomial logistic regression and 

support vector machine models were trained to classify 60-s count data as one of the following 

11 principal classes: 1) sleep [duration (45-120) min], 2) watching television [seated; 20 min], 3) 

coloring [sitting at a desk; 10 min], 4) video gaming [seated; 10 min], 5) puzzles [seated; 10 

min], 6) toys [15 min], 7) ball toss [15 min], 8) active video gaming [standing; 10 min], 9) dance 

[video instruction; 15 min], 10) aerobics [video instruction; 15 min], 11) running in place (video 

instruction; 6 min). K-means clustering was used to identify natural clustering of the minute-by-

minute data and then subsequently recategorize the data into six principal activity categories 

based on the intensity of the activity. Ten-fold cross-validation was used to train the support 

vector machine and multinomial logistic regression classifiers. Both models were trained with 

and without sleep included. In general, the support vector machine models had lower cross-

validation error than the multinomial logistic regression models using the same features. Of all 

combinations of variables used to developed the different models, the support vector machine 
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model without sleep data using individual axis count values, vector magnitude, steps, 1- and 2-

min lag and lead time, and position (i.e. inclinometer) as a continuous variable resulted in the 

lowest overall cross-validation error (24.7%) and highest overall classification accuracy (82.0%). 

A primary contribution of this study was the use of k-means clustering to objectively group 

activities based on the features of the data instead of grouping them by domain or other similar 

grouping strategy that is more frequently used to group activities together for classification.    

 Trost et al.87 collected data on 100 apparently healthy youth participants ages 5 and 15 

years old (mean age 11.0 yrs). Participants wore an ActiGraph GT1M uniaxial accelerometer-

based activity monitor (sampling frequency 30 Hz) on the right hip while performing 12 

structured activities that were collapsed into five activity categories as follows: 1) sedentary 

[lying, computer work], 2) walking [slow and brisk overground walking, treadmill walking, 3) 

overground running, 4) light intensity household activities and games [sweeping, laundry, catch], 

and moderate-to-vigorous intensity household activities and games [basketball and aerobic 

dance]. Activities were performed across two laboratory visits in two groups of six with each 

activity lasting approximately 5 minutes. One second epochs were selected from the middle 2.5 

to 4.5 minutes of each activity where the following time domain features were extracted: 10th, 

25th, 50th, 75th, and 90th percentiles, and lag-one autocorrelation. These features were extracted in 

10-s, 15-s, 20-s, 30-s, and 60-s windows using the second-by-second data from the 2 minutes of 

available data of each activity. Average overall classification accuracy ranged from 80.2% to 

86.8% across the five activity groups depending on the window size chosen with accuracy 

increasing as window length increased from 10-s to 60-s.  

Mannini et al. 103 collected data on 33 apparently healthy adult participants who wore a 

triaxial accelerometer-based device (Wocket – sampling frequency 90 Hz) on the wrist and 
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ankle. Each participant performed 26 individual activities of daily living ranging from sedentary 

to vigorous intensity with each activity lasting three to five minutes in duration. The original 

activities were collapsed into four broad activity groups: 1) ambulation [overground walking 

carrying a load, ascending and descending stairs, treadmill walking (2, 3, and 4 MPH), treadmill 

walking (3 MPH at 0%, 6%, and 9% incline), overground walking], 2) cycling [overground 

(level surface, uphill, downhill), stationary (50 W, 70 RPM)], 3) sedentary [computer, 

reading/writing, sorting/organizing, lying, sitting, standing, video gaming (handheld and 

Nintendo Wii)] , and 4) other [painting, sweeping]. A support vector machine was developed to 

classify the raw accelerometer sensor data as one of the four activity categories. The following 

time and frequency domain features were extracted from 12.8-s non-overlapping windows: mean 

and standard deviation of vector magnitude, total power, first and second dominant frequencies, 

ratio between the dominant frequency and the preceding and succeeding windows, and two 

wavelet-based features. Classifier performance ranged from 84.7% for the wrist to 95.0% for the 

ankle in a within-sample cross-validation using LOOCV.   

Trost et al.17 collected data in 52 apparently youth participants ages 7 to 18 years old 

(mean age 13.7 yrs). Participants wore an ActiGraph GT3X+ on the hip and non-dominant wrist 

(sampling frequency 30 Hz) and completed the following 12 standardized activity trials over two 

laboratory visits with each activity lasting 5 minutes: 1) lying down, 2) handwriting, 3) laundry, 

4) catch, 5) slow over-ground walking, 6) aerobic dance, 7) computer gaming, 8) sweeping, 9) 

brisk over-ground walking, 10) basketball, 11) over-ground running, and 12) brisk treadmill 

walking. Two minutes of data were extracted from the middle of each activity and the raw 

acceleration signal from those two minutes was used to develop regularized lasso logistic 

regression models for the hip and non-dominant wrist. The following time and frequency domain 
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features were extracted in non-overlapping 10-s windows and included percentiles, mean, lag 

one autocorrelation, standard deviation, and coefficient of variation. The within-sample LOOCV 

procedure resulted in maximum overall classification accuracies of 91.0% for the hip model and 

88.4% for the non-dominant wrist model. 

Ellis et al.111 collected data on 40 apparently healthy adult participants who performed a 

randomized series of eight activity trials under laboratory conditions for approximately one-

minute each. Activities included: slow walking, brisk walking, jogging, stair climbing, laundry, 

window cleaning, dusting, sweeping, and washing dishes. Activities were collapsed into four 

categories: 1) walking, 2) running, 3) household, and 4) stairs. Participants wore an ActiGraph 

GT3X+ (sampling frequency 30 Hz) on the left hip, right hip, and non-dominant wrist. The time 

and frequency domain features were extracted from the vector magnitude or individual axis data 

in one-minute non-overlapping windows: mean, standard deviation, coefficient of variation, 

minimum, maximum, percentiles, lag-one autocorrelation, third and fourth moments, skewness, 

kurtosis, dominant frequency, power at the dominant frequency, total signal energy, entropy, fast 

Fourier transform coefficients, cross-axis correlation, mean pitch, mean roll, mean yaw, standard 

deviation of pitch, roll and yaw, and principal direction of motion. A random forest classifier was 

developed to predict activity type using within-sample LOOCV. The average classification 

accuracy was 92.3% for the hip classifier and 87.5% for the wrist classifier across the four 

classes. When the eight individual activity classes were evaluated, average classification 

accuracies 70.2% and 80.2% were achieved using the hip and wrist classifiers, respectively.  

 Montoye et al.100 collected data on 44 apparently healthy adult participants (22 male, 22 

female, 18-44 yrs). Participants wore a GENEActiv triaxial accelerometer-based activity 

monitors on each wrist (sampling frequency 20 Hz) and an ActiGraph GT3X+ triaxial 
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accelerometer-based activity monitors on the right thigh and right hip (sampling frequency 40 

Hz, reintegrated and downsampled to 20 Hz). Participants performed 14 different activities for 

three to 10 minutes each over a 90-minute period. Activities were performed at a self-selected 

pace in an order determined by the participant to simulate free-living conditions. The 14 

activities were collapsed into the following 10 activity categories: 1) sedentary [lying, reading, 

computer], 2) standing, 3) lifestyle [laundry, sweeping]. 4) slow walking overground, 5) brisk 

walking overground, 6) jogging overground, 7) stationary cycling, 8) stair climbing, 9) exercise 

[body weight squats and bicep curls], and 10) device non-wear. Four different feature sets were 

compiled from a combination of the following time domain features in 5-s windows: mean, 

variance, covariance, minimum, maximum, mean axis orientation, variance of axis orientation, 

10th, 25th, 50th, 75th, and 90th percentiles of the acceleration signal for each axis. Artificial neural 

networks were developed using data from each of the four attachment sites and evaluated using a 

within-sample LOOCV procedure. For the individual activity classes, classification accuracies 

averaged 66.2% (range: 36.5% - 92.5%) for the hip, 71.4% (38.4%-93.1%) for the thigh, 80.9% 

(66.9%-95.3%) for the left wrist, and 81.1% (59.9%-96.1%) for the right wrist. The lowest 

classification accuracy was for reading and the highest classification accuracy was for jogging 

for all four attachment sites. For the activity groups, classification accuracies averaged 72.5% 

(56.9% - 92.5%) for the hip, 84.0% (69.6%-93.1%) for the thigh, 86.6% (69.9%-95.3%) for the 

left wrist, and 86.7% (69.4%-96.1%) for the right wrist. The lowest classification accuracy 

achieved was for the standing activity class for the hip and thigh and the brisk walking activity 

class for the wrists. The highest classification accuracy achieved was for the jogging activity 

class for all four attachment sites. This study illustrates that higher PA classification accuracy 

can be achieved using data from wrist worn devices as compared to hip and thigh worn devices.  
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Pavey et al.110 collected data on 21 apparently healthy adult participants who each 

completed seven structured activities for three minutes each under laboratory conditions in a 

single session lasting approximately 45 minutes: 1) lying, 2) sitting still, 3) standing still, 4) 

active sitting, 5) active standing, 6) walking, and 7) running. Participants additionally completed 

a 24-hr free-living assessment. Participants wore a GENEActiv (sampling frequency 30 Hz) 

accelerometer-based activity monitor on their non-dominant wrist. A random forest classifier 

was trained to classify four activity classes: 1) sedentary, 2) stationary (sitting or standing), 3) 

walking, and 4) running. Data from the middle two minutes of each activity were extracted and 

time and frequency domain features were extracted in 10-s non-overlapping windows from the 

list outlined by Liu et al.51: mean, standard deviation, percentiles, mean absolute deviation, lag 

one autocorrelation, power, dominant frequency, dominant frequency magnitude, and entropy. 

The aim of the study was to cross-validate the random forest classifier using the laboratory data 

and then perform a free-living validation of the classifier using the 24-hr data and ActivPAL data 

as the criterion measure for comparison of stepping versus non-stepping time. The overall 

classification accuracy from within-sample LOOCV was 92.7% across all four activity classes 

and ranged from 80.1% (sedentary) to 95.7% (stationary) for the individual activity classes. For 

the free-living validation, the walking and running groups were collapsed into a stepping 

category and the sedentary and stationary activity groups were collapsed into a non-stepping 

category. The classification accuracy of the random forest classifier for identifying stepping and 

non-stepping time was 93.7% and kappa was 0.47 using the ActivPAL as the criterion measure 

of stepping and non-stepping time.  

 Trost et al.105 collected data on eleven pre-schooled-aged children ages three to six years 

old (mean age 4.0 yrs). Participants wore an ActiGraph GT3X+ (sampling frequency 100 Hz) on 
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the right hip and non-dominant wrist and completed 12 semi-structured activities lasting 

approximately 5 minutes each over the course of two laboratory visits (6 activities per visit). 

Activities included: 1) watching television, 2) being read to while seated, 3) making a collage on 

the wall while standing, 4) walking, 5) playing an “active” game against a member of the 

research team, 6) completing an obstacle course, 7) playing a computer game while seated, 8) 

playing with toys while seated, 9) hunting treasure, 10) tidying up toys, 11) riding a bicycle, and 

12) running. The following time and frequency domain features were extracted during the middle 

two-four minutes of each activity trial: mean, standard deviation, minimum, maximum, 

interquartile range, percentiles, coefficient of variation, signal sum, signal power, peak-to-peak 

amplitude, median crossings, dominant frequency, magnitude of dominant frequency, and signal 

entropy. The within-sample LOOCV performance resulted in maximum overall classification 

accuracies of 80.2%, 78.1%, and 81.8% for the random forest models using hip, wrist, and hip + 

wrist data combined, respectively. Similarly, the support vector machine models achieved 

81.3%, 80.4%, and 85.2% maximum classification accuracy for the hip, wrist, and hip + wrist 

models combined, respectively.     

 Chowdhury et al.91 collected data on 17 apparently healthy youth participants ages 12-17 

years old. Participants were an ActiGraph GT3X+ (30 Hz) on the non-dominant wrist. 

Participants completed a series of 12 structured activity trials in a laboratory environment that 

included: 1) lying, 2) laundry, 3) writing, 4) catch, 5-6) over-ground walking (slow and brisk), 7) 

aerobic dance, 8) computer gaming, 9) sweeping, 10) basketball, 11) over-ground jogging, and 

12) treadmill walking. Activities were performed in groups of six across two laboratory visits 

with each activity lasting approximately 5 minutes in duration. For the analyses, the original 12 

activities were collapsed into seven unique activity categories including lying, sitting, standing, 
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walking, running, basketball, and dance. Data were normalized and the following time and 

frequency domain features were calculated from 10-s non-overlapping windows: mean, standard 

deviation, minimum, maximum, variance, median, skewness, kurtosis, percentiles, spectral 

energy, dominant frequency, the magnitude of dominant frequency, zero-crossings, and cross-

axis correlations. The authors used a series of machine learning models to classify PA type that 

included random forest, bagged decision tree, boosted decision tree, K-nearest neighbors, 

support vector machine, artificial neural network, decision tree, and three custom fusion 

ensemble methods, weighted majority voting, naïve Bayes, and behavioral knowledge space. 

Model performance was reported as F1-scores, a value representing the harmonic mean of 

precision and recall.  Overall, the highest performance was achieved using the custom weighted 

majority voting ensemble approach which had an F1 of 86.0%. The random forest and support 

vector machine models had similar performance with F1 scores of 85.0% and 84.0%, 

respectively. All models achieved F1 scores >80.0% except for the decision tree model (76.0%) 

indicating all model types generally achieved reasonable performance similar to the best 

performing model.  

As evidenced in the above study summaries, there are a few consistent themes in the 

current state of the PA literature focused on machine learning techniques for classifying PA type. 

Most studies use the same statistical features, similar activities and activity groups, and classifier 

types for classifying PA. In these studies, generally high classification accuracy is achieved 

during a within-sample cross-validation averaging >85.0%. This is largely due to the more 

structured nature of most activity protocols and the use of within-sample cross-validation 

procedures to estimate performance and how the classifiers might generalize to new data. 

Evidence suggests that the type of within-sample cross-validation procedure used can impact the 
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estimated performance and in some circumstances can artificially inflate model performance by 

as much as 10.0%.116 With this in mind, it is necessary to consider all circumstances when 

evaluating classifier performance, including how the classifier is validated. The end goal with 

these classifiers is to apply them to new data collected in true free-living conditions. The next 

section examines the literature in youth and adults looking at out-of-sample and free-living 

validations of classifiers developed using structured laboratory or semi-structured simulated free-

living data to provide an overview of how well classifiers perform in application.  

5.2 Classifier Performance in Application and Out-of-Sample Validation Performance 

  As mentioned above, a critical component to the classifier development process is how 

well the classifier performs in application. This section outlines some key studies in the field of 

PA assessment in youth and adults using both counts and raw acceleration data. These studies 

use machine learning techniques to classify PA and the performance results reported are all out-

of-sample validations or independent free-living evaluations of classifiers developed using 

structured or semi-structured activity data collected in laboratory conditions. 

Gyllensten and Bonomi114, examined the reproducibility of the Bonomi113 laboratory-

trained classifiers, a need they identified as crucial to improving the generalizability of models in 

application. The study was conducted in a sample of 20 healthy adult participants (10 males and 

10 females, mean age 30 yrs). Additional supervised laboratory data were collected using the 

Tracmor (sampling frequency 20 Hz) to perform an out-of-sample validation of the original 

classifiers (support vector machine, neural network, decision tree, and majority voting). 

Unsupervised free-living data were also collected using the Intelligent Device for Energy 

Expenditure and Physical Activity (IDEEA; 32 Hz). The IDEEA is a monitoring system 

comprised of five accelerometers strategically placed at different attachment sites to capture 
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more total body movements. The free-living criterion labels were created using a combination of 

the IDEEA data and participant activity diaries. The out-of-sample validation performed using 

the supervised laboratory data resulted in average classification accuracies ranging from 92.9% 

to 95.9% across all four classifiers, very similar to the caliber of performance achieved for the 

within-sample validation using LOOCV. The free-living validation using the unsupervised data 

resulted in average classification accuracies ranging from 72.2% to 75.7% across the four 

classifiers. These results illustrate a couple of important points. One, when classifiers developed 

and trained using structured activity data are evaluated using out-of-sample data, similar 

performance can be achieved. However, this is largely dependent on how the new out-of-sample 

data were collected. If the activities and sample population were generally the same, 

performance may be maintained. Conversely, if the nature of the activities is different (structured 

versus unstructured), classifier performance may decrease considerably (19.0% decrease from 

out-of-sample structured to out-of-sample unstructured). This is contingent on the activities 

performed and the source of the criterion data labels for evaluation.  

Freedson et al.89 collected data on 277 apparently healthy adult participants (dataset 1). 

Each participant completed 11 activities from a list of 23 activities. Each activity was performed 

for 7 minutes each and broadly sub-divided into treadmill activities and sports/activities of daily 

living. The treadmill activities consisted of walking at three different speeds at 0% and 3% 

grade. The activities of daily living consisted of stair climbing, moving a box, and then a 

combination of two of the following 13 activities: 1) sweeping, 2) mopping, 3) gardening, 4) 

trimming hedges, 5) mowing, 6) raking, 7) dusting, 8) laundry, 9) vacuuming, 10) washing 

dishes, 11) painting, 12) tennis (1v1), and 13) basketball. Additional data were collected on 65 

apparently healthy adult participants who each performed one of three activity routines, each 
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routine comprised of six activities, where each activity was performed for 10 minutes each 

(dataset 2). The activities included: laundry, ironing, light cleaning, aerobics, car driving, frisbee 

golf, trimming hedges, gardening, using a wheelbarrow, carrying a box while walking, tennis 

(1v1), and self-paced overground walking and running. For both datasets, participants wore an 

ActiGraph GT1M uniaxial accelerometer-based activity monitor. The following features were 

extracted from the second-by-second data: 10th, 25th, 50th, 75th, and 90th percentiles and lag-one 

autocorrelation. Participant data from dataset 1 (n = 277) were used to develop and train a neural 

network for classifying PA type. The neural network classifier was then validated using the data 

from dataset 2 (n = 65). The individual activities from dataset 1 were collapsed into three 

categories: household, locomotive, and sports categories. Activities from dataset 2 were 

collapsed into the same categories and sedentary activities were excluded from this analysis. 

Within-sample cross-validation using dataset 1 yielded an overall classification accuracy of 

97.3%.  Out-of-sample validation of the model developed on dataset 1 and applied to dataset 2 

yielded an overall classification accuracy of 80.9%, a change of 16.4% from within-sample to 

out-of-sample.  

Bastian et al.117 conducted a study in 59 apparently healthy adult participants. Data were 

collected using a MotionLog accelerometer-based activity monitor (sampling frequency 100 Hz) 

worn on the right hip. Accelerometer data were down sampled to 25 Hz and the following time 

and frequency domain features were extracted from the individual axes and vector magnitude: 

mean, total signal energy, and dominant frequency. Participants performed 23 structured 

activities under laboratory conditions ranging in intensity from sedentary to vigorous in bouts of 

5 minutes. The 23 individual activities were collapsed into eight activity groups as follows: 1) 

lying [lying in different positions on back (lying still, moving limbs)], 2) slouching [slouching in 
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a chair], 3) sitting [sitting still, sitting typing, sitting throwing a ball, sitting drinking], 4) standing 

[standing still, standing drinking, standing throwing a ball], 5) small utilitarian movements 

[pacing, stalling, sweeping, cleaning house], 6) walking [treadmill walking at different speeds, 

stair climbing], 7) running [treadmill running], and 8) cycling [ stationary]. A Bayesian network 

was developed and overall classification accuracy was calculated from a within-sample LOOCV 

procedure. Overall classification for the eight activity classes was 80.9% and ranged from 52.7% 

(sitting) to 95.4% (walking). A second set of 20 participants were recruited to perform simulated 

free-living activities outside of the lab. The same eight activity classes were used but more 

naturalistic activities were added to each group: 1) lying, 2) slouching, 3) sitting [sitting during 

transit], 4) standing [taking an elevator, standing during transit], 5) small utilitarian movements 

[shopping], 6) walking [overground walking at different speeds, uphill, downhill, level, stair 

climbing], 7) running [overground running], and 8) cycling [overground, flat, uphill, downhill]. 

When the original model was applied to the semi-free-living data, precision averaged 44.7% and 

ranged from 9.0% for the small utilitarian movement group to 84.7% for walking. The original 

classifier was redeveloped using all of the laboratory data and half of the semi-free-living data 

and tested on the remaining semi-free-living data. In this scenario, precision averaged 66.0% and 

ranged from 9.4% for the small utilitarian movements group to 90.9% for cycling. These results 

indicate that applying a model developed using strictly structured laboratory data does not 

generalize well to new data. However, this study does illustrate that this can be somewhat 

mitigated by using structured and semi-structured data during the development process.  

Kerr et al.109 collected data in three different samples of adult participants: 1) two female 

research assistants, 2) 40 cyclists (males and females), and 3) 36 overweight females. Activities 

were either prescribed ahead of time (research assistants) or offline coded by video observation 
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using video collected using the SenseCam, a wearable body-camera (cyclists and overweight 

females). All data were collected under true free-living conditions using a hip-worn ActiGraph 

GT3X+ (sampling frequency 30 Hz). The following 43 time and frequency domain features were 

extracted from the individual sensor signals or the vector magnitude in one-minute windows: 

mean, standard deviation, median, coefficient of variation, entropy, principle direction of motion, 

autoregression coefficients, fast Fourier transform coefficients, total signal power, dominant 

frequency, and angular features (pitch, roll, yaw).  Random forest classifiers were developed to 

classify six activity categories: 1) cycling, 2) riding in a vehicle, 3) sitting, 4) standing, 5) 

standing and stepping, and 6) walking and running. The random forest classifier for each dataset 

was within-sample cross-validated using LOOCV. Subsequently, an out-of-sample validation 

was performed using data from the other two datasets. For the within-sample cross-validation, 

average classification ranged from 84.0% (cyclists) to 93.0% (research assistants). For the out-

of-sample validations, classification accuracy ranged from 78.0% (overweight female model 

applied to the cyclist’s data) to 90.0% (research assistant model applied to the cyclists data). This 

study shows that, in general, classifier performance decreases when applied to out-of-sample 

data, even if the original classifier was developed using unstructured free-living activity data as 

classification accuracy decreased on average 6.0% when a classifier was applied to different 

free-living data.  

Mannini et al.106 replicated previously outlined methods used in adults in a sample of 

youth participants. The novelty of the study was the mixed use of adult and youth data together 

to re-train the support vector machine classifier and perform a within-sample cross-validation. 

Additionally, this study included out-of-sample validations of the original adult support vector 

machine classifier using the youth data, and an out-of-sample of the youth support vector 
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machine on the original adult data. Twenty youth participants ages 11-15 years old participated 

in the study and again wore triaxial accelerometer-based device (Wocket - 90 Hz) attached to the 

dominant wrist and ankle. Each participant completed 33 supervised activity trials in a structured 

laboratory environment with each activity lasting three to five minutes in duration. The 

individual activities were grouped into four primary categories as follows to match the groupings 

used in the original adult study: 1) Ambulation [over-ground walking, three bouts of treadmill 

walking (2-3 MPH, 3-4 MPH, and 4-5 MPH)], 2) Cycling [over-ground cycling, stationary 

cycling (50 W, 70 RPM)], 3) Other [basketball, soccer, catch, cleaning/tidying up], 4) Sedentary 

[computer, reading/writing, sorting/organizing, lying, sitting, standing, video gaming (handheld 

and Nintendo Wii)]. The following time and frequency domain features were extracted from 

12.8-s non-overlapping windows from the signal magnitude (i.e. square root of the sum of the 

square of the three individual accelerometer axes): mean, standard deviation, maximum, 

minimum, first and second dominant frequencies, power of the first and second dominant 

frequencies, power ratio (i.e. ratio of power at dominant frequency to total power), range, and 

fragmentation. The fragmentation features were a new addition from the original study in adults 

and a comparison of which feature set had greater predictive power was completed in several 

phases of the analyses.  

For the primary purpose of the Mannini et al.106 study, they tested a support vector 

machine, developed using adult data on new youth data, and the maximum overall classification 

accuracies achieved were 85.9% for the dominant wrist and 89.7% for the ankle model. For the 

wrist, performance was similar to that in adults but for the ankle, performance was about 5.0% 

less but still considered high (~90.0%). In a secondary aim, focused specifically on the features 

used and model optimization, maximum overall classification accuracies of 91.0% (wrist) and 
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92.4% (ankle) were achieved in youth and 87.0% (wrist) and 94.8% (ankle) in adults. The out-

of-sample validation of the youth classifier using adult data and the adult classifier using youth 

data was a key component of the study. When training the classifier using the original adult data 

and testing the classifier using the youth data, classification accuracy ranged from 58.8% to 

69.8% for the wrist and 79.3% to 84.7% for the ankle depending on which feature set was used. 

Similarly, when training the classifier using youth data and testing the classifier using adult data, 

classification accuracy ranged from 71.7% to 71.8% for the wrist and 84.9% to 87.4% for the 

ankle depending on which feature set was used. This indicates that for both youth and adult 

support vector machine classifiers, performance decreases when applied to out-of-sample data as 

compared to the within-sample cross-validation performance using LOOCV. Lastly, the youth 

and adult data were pooled into a single dataset and the classifier was trained and cross-validated 

using LOOCV. Classification accuracy using the combined dataset was 88.5% for the wrist and 

91.6% for the ankle, indicating that generally high classification accuracy can be achieved when 

pooling activity data across multiple sample populations. This is important as classifiers are 

typically developed using a specific sample population and generally only considered valid for 

the sample population used in development. This may indicate that for classifier generalizability, 

using mixed datasets may be advantageous.  

Montoye et al.92 collected data in two different samples of apparently healthy adult 

participants: 39 participants in dataset 1 (19 males, 20 females, mean age 22.1 yrs) and 24 

participants in dataset 2 (12 males, 12 females, mean age 46.3 yrs). Both datasets were collected 

using GENEActiv triaxial accelerometer-based activity monitors (sampling frequency 20 Hz 

dataset 1 and 60 Hz dataset 2) worn on the left wrist. For dataset 1, participants performed 13 

activities for between three and 10 minutes each over a 90-minute period. For dataset 2, 
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participants performed between 12 and 21 activities for two to 15 minutes each over an 80-

minute period. Activities were performed in a random order at a self-selected pace to simulate 

free-living conditions. Individual activities were collapsed into the following three activity 

categories as follows: 1) sedentary [lying, reading, computer use, watching television, writing, 

playing cards], 2) household [standing, sweeping, laundry, dusting, making the bed, vacuuming], 

and 3) ambulatory/exercise [overground slow and brisk walking, overground jogging, stationary 

cycling, stair climbing, bodyweight squats, bicep curls, treadmill walking, treadmill jogging]. Six 

different feature sets were compiled from a combination of the following time and frequency 

domain features using the triaxial acceleration data in 30-s windows: mean, standard deviation, 

minimum, maximum, 10th, 25th, 50th, 75th, and 90th percentiles, principal frequency, peak 

amplitude, and integral and percentage of total integral. Random forest, neural networks, 

decision trees, and support vector machine classifiers were developed and evaluated using a 

within-sample cross-validation and an out-of-sample validation of each classifier for each dataset 

[i.e. 1). (train dataset 1 - test dataset 1), 2) (train dataset 2 - test dataset 2), 3) (train dataset 1 - 

test dataset 2), 4) (train dataset 2 - test dataset 1)]. In a within-sample LOOCV procedure, 

classification accuracy ranged from 87.8% to 92.8% for dataset 1 and 76.7% to 80.2% for dataset 

2. For the out-of-sample validation where each classifier was tested using the other dataset, 

75.5% to 77.3% for dataset 1 and 74.0% to 79.1% for dataset 2. This results in a decrease in 

classifier performance ranging from 2.1% to 14.4% on average depending on the features used 

and the classifier type.  

 Ahmadi et al.118 conducted an out-of-sample validation of the random forest and support 

vector machine classifiers Trost et al.105 previously developed in pre-school-aged youth. Thirty-

one children (22 males, 9 females, mean age 4 yrs) were directly observed for 20-minute periods 
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of free play while wearing an ActiGraph GT3X+ triaxial accelerometer-based activity monitor 

(sampling frequency 100 Hz) on the right hip and non-dominant wrist. Activities were grouped 

in five categories: sedentary, light activities and games, moderate-to-vigorous activities and 

games, walking, and running. The same features as the original Trost et al.105 study were 

extracted in 15-s non-overlapping windows. Classification accuracies ranged from 66.4% to 

69.4% for the hip classifiers and 59.1% to 59.3% for the wrist classifiers. In comparison to the 

original classifier performance estimated from a within-sample LOOCV procedure, the out-of-

sample performance was between 11.0% to 15.0% and 19.0% to 21.0% lower for the hip and 

wrist classifiers, respectively.  

As evidenced by the studies summarized in this section, it is clear that classifier 

performance decreases in application. This is, when a classifier is developed using structured or 

semi-structured data collected under laboratory conditions using only an accelerometer sensor at 

a single attachment site, classifier performance will deteriorate when the classifier is evaluated 

using out-of-sample or free-living data. The above study summaries indicate that this pattern 

exists in both youth and adult studies and for multiple classifier types (i.e. random forest, neural 

networks), for data collected at multiple different attachment sites, and for classifiers developed 

using counts and raw acceleration. Ultimately, the classifiers being developed are intended to be 

used in application with unlabelled data collected in free-living conditions to evaluate the types 

of activities individuals engage in. Thus, it is critical to have robust yet generalizable classifiers 

that maintain high performance when used in application. The results of the studies summarized 

in this section show a few primary issues with the current classifier development structure. There 

appears to be a definitive statistical ceiling in place for model generalizability in application. 

Using only accelerometer sensor data results in large decreases in classifier performance when 
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classifiers are used in application. The studies available in the literature generally use a small 

number of activities or activity groups that are categorized based on gross movements and 

posture or activity domain. A few studies develop classifiers using the individual activity classes, 

but this is not common practice. A few studies examine using mixed methods for collecting data 

for classifier development which has had mild success but still results in a decrease in classifier 

performance in application. Tong et al.119 recently raised the question of how well classifiers 

developed using data from a single inertial type should be expected to perform in application. 

The authors note that, by and large, since the Bao and Intille49 study in 2004, the field of PA 

assessment has not made progress equivalent to what might be expected based on the 

technological advances and improvements in statistical modeling since then. The next section 

covers some possibilities for how this statistical ceiling could potentially be overcome. The focus 

in the following section is on using data from multiple sensors or multiple sensor types to 

improve the characterization of PA using wearable device and inertial sensor data.  

Section 6: Alternative Approaches to Address Model Performance Issues 

6.1 Multiple Sensor Locations of the Same Sensor Type 

One potential avenue to improve PA characterization is to mount multiple sensors of the 

same type to various attachment sites on the body (e.g. accelerometers mounted on the hip, 

wrist, ankle) similarly to what Bao and Intille49 proposed, instead of individual monitors 

independent of one another, these sensors will be synchronized together in a single datastream. 

In the field of PA assessment, this was first attempted using the Intelligent Device for Energy 

Expenditure and Activity (IDEEA). The IDEEA uses a system of accelerometers strategically 

placed at different locations on the body.120-122 The motivation for using multiple attachment 

sites is to better capture total body and limb-specific movements in an effort to improve EE 
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estimates and better detect different activities. In theory, this should improve PA assessment 

compared to using single accelerometer sensor in a single wear location. Zhang et al.122 reported 

IDEEA accuracies for EE estimations of 98.9 ± 6.0% compared to portable indirect calorimetry 

during a laboratory-based activity protocol and 95.2 ± 2.3% compared to room calorimetry in an 

adult sample. Similarly, Whybrow et al.121 reported that the IDEEA significantly overestimated 

EE by 0.5 megajoules·day-1 (119.5 kilocalories day-1) compared to room calorimetry and 2.0 

megajoules·day-1 (478.0 kilocalories day-1) compared to doubly labelled water (DLW). Jiang et 

al.120 reported on the activity identification component of the IDEEA and determined that for 

posture-based detection, the IDEEA correctly identified 91.6% of all sitting, standing, lying, 

and reclining activities corresponding to 92.4% of all monitored time being assigned a correct 

activity label. The system was more sensitive and effective at detecting sitting and standing 

activities compared to reclining and lying. While the intuition behind the approach should result 

in an improvement in PA assessment, in practice, the practicality of the IDEEA system 

approach is not feasible for free-living use due to the increased user burden over a single sensor 

wear location.  

6.2 Multiple Sensor Types in the Same Location 

Another potential way to overcome the hypothesized statistical ceiling effect from using 

only accelerometer sensor data is to use data from additional sensor types, such as a gyroscope, a 

thermometer, or heart rate sensor, to complement the accelerometer data using a single sensor 

location. As technology has advanced, there are single unit devices containing multiple sensor 

types. It is intuitive that data from other sensor types, captured simultaneously, should 

complement the accelerometer data and additional information about the activity would be 

captured compared to using an accelerometer alone. One example of this type of device is the 
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Sensewear Armband (SWA), a device that houses multiple sensor types (bi-axial accelerometer 

sensor, heat flux sensor, skin thermometer, galvanic skin response sensor, and a near-body 

temperature sensor) in a single unit worn on the upper arm. Incorporating multiple sensor types 

in a single device avoids the increased user burden imposed by the IDEEA approach and allows 

for the collection of multiple input types simultaneously to allow for better estimations of EE to 

be made. Santos-Lozano et al.123 showed that the SWA significantly overestimated EE compared 

to indirect calorimetry in all intensity categories [sedentary (rest), light (3 km·hr-1), moderate (5 

km·hr-1), and vigorous (7 km·hr-1)] except very vigorous (9 km·hr-1) where the EE estimate was 

still higher than indirect calorimetry but non-significant.123 Lopez et al.124 conducted a validation 

of the SWA and a hip-worn ActiGraph GT3X+ using indirect calorimetry as a criterion measure 

of EE in healthy children, adolescents, and adults. Participants completed a 40-minute structured 

activity protocol. The mean absolute percent errors for the SWA EE estimates were 24%, 22%, 

and 20% for children, adolescents, and adults, respectively.124 Comparatively, mean absolute 

percent errors for the GT3X+ using the Santos-Lozano algorithm125 were 28%, 22%, and 28% 

for children, adolescents, and adults, respectively.124 The SWA was primarily intended for 

research use but never widely adopted because it was never fully transparent if or how the 

additional sensor types in the device were used to estimate EE. It should be noted that the SWA 

is no longer commercially available for purchase.  

6.3 The Case for the Gyroscope 

The SWA used multiple sensor types but only contained a single inertial sensor, a biaxial 

accelerometer making it somewhat similar to single unit accelerometer-based PA monitors. In 

order to more completely capture movement, a second type of inertial sensor may be more useful 

than thermal sensors. One such approach would be to use an accelerometer and a gyroscope.  
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The rationale behind this is that accelerometers measure static and dynamic linear acceleration 

and would not adequately capture many activities that involve turning while gyroscopes measure 

angular velocity or rotation and should capture movements involving turning. Several studies 

have documented that turning increases EE based on the degree and frequency of a turn 

indicating more emphasis should be placed on capturing turning movements when assessing PA 

with wearable devices.126-128 There is additional evidence from other disciplines supporting the 

use of accelerometer and gyroscope data together to improve PA classification as opposed to 

using data from either single sensor individually. Below are summaries of the relevant literature 

from computer science and engineering that show to utility of using data from both sensors 

simultaneously.  

Other disciplines, such as engineering and computer science, have used IMUs and 

smartphones containing both gyroscope and accelerometer sensors to capture PA behaviour but 

this has not been incorporated into specific PA study protocols aiming to capture human 

movement using body-worn devices as is the case in the field of PA assessment. While studies 

from other disciplines have helped inform some of the essential processes for human recognition 

using inertial sensor and wearable device data and helped establish benchmark datasets, they are 

generally limited in the scope of behaviours available for classification, the sample size is 

typically small, and the sample population is generally limited to adults.  

Wu et al.129 collected accelerometer and gyroscope data (30 Hz) using iPod Touch 

devices in a sample of 16 apparently healthy adult participants. Thirteen activities were 

performed by each participant including variations of sitting, standing, walking, jogging, and 

stair climbing in different contexts (i.e. over ground vs treadmill; indoor vs outdoor) but were 

collapsed into four primary categories: 1) sitting, 2) jogging, 3) walking, and 4) stair walking. 
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Time and frequency domain features were extracted in 2-s windows with a 50% overlap from 

both sensor signals including the mean and variance of the individual sensor axes, a vector 

magnitude of acceleration, and a Fast Fourier Transform coefficient magnitude of each 

individual accelerometer axis. The following classifier types were developed using the sensor 

data: decision tree, multilayer perceptron, naïve Bayes, logistic regression, and k-nearest 

neighbor. Additionally, two ensemble classifiers, bagged and boosted k-nearest neighbor, were 

included but no additional performance gains were achieved compared to using the standard k-

nearest neighbor classifier. In general, the standard k-nearest neighbor classifier achieved the 

highest classification accuracy when using data from either the accelerometer or gyroscope 

independently. When data from the two sensors were combined, within-sample cross-validation 

(10-fold) classification accuracy improved by, on average, 6.5% and ranged from 3.1% to 13.4% 

based on the activity. Every activity class benefitted from including gyroscope data with the 

accelerometer data with the exception of sitting, because classification accuracy was already 

100.0% using only accelerometer data.  

Anjum et al.130 developed a smartphone application to recognize activities using the 

smartphone sensor data. The dataset included the following seven activities: 1) walking, 2) 

running, 3-4) ascending and descending stairs, 5) car driving, 6) cycling, and 7) inactivity 

(unspecified what this activity class contained, believed to be sitting still). The authors developed 

a series of machine learning classifiers to classify the seven activity classes including naïve 

Bayes, decision tree, k-nearest neighbor, and support vector machine classifiers. The activity 

data were collected using a Samsung Galaxy Y smartphone and it was placed in the following 

positions for each activity: pants pocket, hand, purse, and shirt pocket. The authors computed 

time domain features for the accelerometer and gyroscope sensor data. However, after assessing 



   

 72 

feature contribution, all gyroscope features were eliminated during the development process 

resulting in only accelerometer sensor features being used to develop the final models. The 

resulting classifiers all achieved true positive rates ranging from 73.8% to 95.2% where the 

decision tree was the best performing classifier and ultimately the model implemented in the 

Android smartphone application for further evaluation.  

Shoaib et al.131 collected data on four healthy adult male participants using Samsung 

Galaxy S2 smartphones containing an accelerometer, a gyroscope, and a magnetometer 

(sampling frequency 50 Hz). Participants performed the following six activities: 1) walking, 2) 

running, 3) sitting, 4) standing, 5) walking upstairs, and 6) walking downstairs for between 3 and 

5 minutes for each activity. Phones were positioned in the right pants pocket, on the waist affixed 

to a belt, the right arm, and the right wrist. The following time domain features were extracted 

from 2-s windows with a 50% overlap from the individual sensor axes and the vector magnitude 

of each sensor to derive an orientation independent value for each sensor since the devices were 

worn at different attachment sites. While the study included all three sensor types, the primary 

focus remained on the accelerometer, gyroscope, and a combined approach using the 

accelerometer and gyroscope data together. The magnetometer performed poorly when 

compared to the accelerometer and gyroscope individually and was therefore not pursued further 

in the study. The following machine learning classifiers were used to classify the sensor data: 

naïve Bayes, support vector machine, neural network, logistic regression, k-nearest neighbor, and 

decision trees. The results are all presented in figures and no raw values are reported in the text 

but the results. However, the figures indicate that a combined approach using accelerometer and 

gyroscope data together results in higher true positive rates by approximately 5.0-10.0% 

compared to using either single sensor alone. Additionally, of the two single sensor approaches, 



   

 73 

the accelerometer only approach was better than the gyroscope only approach at all attachment 

sites with the exception of the pocket.  

In a follow-up study, Shoaib et al.132 collected data on ten healthy adult male participants 

using Samsung Galaxy S2 smartphones containing an accelerometer, a gyroscope, and a 

magnetometer (sampling frequency 50 Hz). As Shoaib et al.131 determined previously, the 

contribution of the magnetometer was minimal and was therefore not a primary focus of the 

study analyses. Participants performed the following seven activities: 1) walking, 2) running, 3) 

standing, 4) jobbing, 5) cycling, 6-7) ascending and descending stairs for 3 to 4-minutes per 

activity. The Samsung smartphones were attached in five positions: 1-2) right and left front pants 

pockets, 3) on the waist affixed to a belt, 4) right upper arm, and 5) right wrist. The following 

time and frequency domain features were extracted from the individual axes and vector 

magnitude of each sensor in 2-s windows with a 50% overlap to create four feature sets: Feature 

set 1) mean and standard deviation, feature set 2) median, zero crossings, and root mean square, 

feature set 3) variance, zero crossings, and root mean square, and feature set 4) coefficients sum, 

and spectral energy. Nine different machine learning classifiers were developed including: 

Bayesian networks, naïve Bayes, support vector machine, logistic regression, k-nearest neighbor, 

two rule-based classifiers, a decision tree, and a random forest. The results of the study indicate 

that the classifier type, the features used, and the attachment site all play a role in which sensor 

data may be most relevant for activity classification. There were some cases where the gyroscope 

was best and others where the accelerometer was best based on the combination of circumstances 

listed above. For example, for the ascending and descending stairs activities, the gyroscope was 

better than the accelerometer by approximately 10.0% for the right pocket position using feature 

set 2. However, at the belt position, the accelerometer was approximately 12.0% better than the 
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gyroscope when using feature set 1. Additionally, the authors noted that when combining 

accelerometer and gyroscope data together, the average improvement in classification accuracy 

across attachment sites, feature sets, and classifier types was approximately 10.0% for 

descending stairs and 7.0% for ascending stairs.  

Wang et al.133 were among the first to compare PA classification performance using 

accelerometer and gyroscope sensor data individually and together. Triaxial accelerometer and 

gyroscope data from a Samsung Galaxy SII smartphone (50 Hz) were used to develop a naïve 

Bayes and k-nearest neighbor classifier. Features were extracted in 2.56-s windows with a 50.0% 

overlap resulting in 128 sensor readings in each window. There were 348 total accelerometer 

features extracted, 164 time domain and 184 frequency domain. For the gyroscope, there were 

211 total features extracted, 106 time domain and 105 frequency domain. This result in 561 total 

features across both sensors. Four different feature selection methods were used for each 

classifier type: 1) principal component analysis, 2) wrapper, 3) fast correlation-based filter, and 

4) a novel hybrid filter-wrapper selection method. The two classifiers were evaluated using 

classification accuracy, precision, and F1 score from a 5-fold within-sample cross-validation 

using accelerometer data only, gyroscope data only, and accelerometer and gyroscope data 

together to see which sensor was better for classifying PA across six basic activity classes: 1) 

walking, 2) sitting, 3) standing, 4) lying, 5) ascending stairs, and 6) descending stairs. The results 

of the study indicate that using accelerometer data alone is superior to using gyroscope data 

alone for PA classification by approximately 25.0% for classification accuracy, precision and F1. 

Combining the accelerometer and gyroscope data results in slight improvements (2.0-3.0%) in 

classification accuracy, precision, and F1 score compared to using only accelerometer data by 

itself and large improvements (~25.0%) compared to using gyroscope data by itself.  
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Jain and Kanhangad134 explored the utility of time and frequency domain feature sets 

individually and combined to see which combination of features yields higher classification 

accuracy. Two previously outlined datasets were used for the analyses, both collected in adults, 

using smartphones.129,135 The results of the study show that combining time and frequency 

domain features results in improved classification accuracy by approximately 3.0 to 5.0% 

compared to using only time or frequency domain features by themselves. While not explicitly 

examined and quantified in the results, the authors also presented classification accuracies for 

time, frequency and time + frequency domain features using only accelerometer sensor data and 

then using accelerometer and gyroscope sensor data together. This comparison showed that for 

both time and frequency domain features individually and time and frequency domain features 

together, combing the accelerometer and gyroscope sensor data yielded higher classification 

accuracy by, on average, 5.0% to 10.0% compared to using only accelerometer data by itself.  

Ferrari et al.136 showed across three public-use benchmark datasets (UCI-HAR, MobiAct, 

and MotionSense) comprised of adult smartphone data that using accelerometer and gyroscope 

data together yields an approximately 10.0% increase in classification accuracy, on average, 

compared to using data from either single sensor by itself. The UCI HAR137 dataset was obtained 

using Samsung Galaxy SII smartphones worn on the waist of 30 adult participants who each 

performed six activities: 1) walking, 2) ascending stairs, 3) descending stairs, 4) sitting, 5) 

standing, and 6) lying. The MobiAct138,139 dataset was obtained using Samsung Galaxy S3 

smartphones worn in the front pocket of 66 adult participants who each performed 15 activities: 

1) standing, 2) walking, 3) jogging, 4) jumping, 5-6) ascending and descending stairs , 7) 

standing, 8-9) sit-to-stand and stand-to-sit transitions, 10) lying, 11-12) getting in and out of a 

car, and 13-15) simulated falling. The MotionSense140 dataset was obtained using iPhone 6 
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smartphones worn in the front pocket collected from 24 adults who each performed six activities: 

1-2) ascending and descending stairs, 3) walking, 4) jogging, 5) sitting, and 6) standing. Sixty-

three total statistical features were extracted from the triaxial accelerometer and gyroscope 

sensor signals and were categorized into four feature sets: 1) the raw sensor axes, 2) the 

magnitude of the raw sensor axes, 3) 21 features of the magnitude of the individual axes, and 4) 

21 features of the individual raw axes. The authors evaluated a k-nearest neighbor and a support 

vector machine classifier for classifying the activity classes in each dataset. Classifier 

performance (classification accuracy) was compared to a novel deep learning classifier 

developed in the study called Residual Network (ResNet) for each dataset. Across the three 

datasets, the combined sensor approach was 2.2% better than the accelerometer only and 8.5% 

better than the gyroscope only approaches for the k-nearest neighbor and support vector machine 

classifiers. The ResNet performance was superior in every case except for the combined sensor 

approach for the MotionAct dataset where the k-nearest neighbor was approximately 2.0% 

better. Performance was high (>90.0%) for the ResNet classifier for each dataset whether using 

accelerometer only, gyroscope only, or a combination of the sensor data. The combined sensor 

approach was better than either single sensor approach for ResNet, but due to already high 

performance with the single sensor approaches, the difference was marginal at only 2.0% for 

both sensor types. 

To date, IMUs have been used in a limited capacity for the assessment of PA outside of 

using smartphones, which has mostly been done in the computer science and engineering 

disciplines. Hibbing et al.141 used the ActiGraph GT9X, a triaxial accelerometer-based device, 

that includes an IMU containing a secondary triaxial accelerometer, a triaxial gyroscope, a 

magnetometer, and a thermometer to measure the temperature inside the sensor housing. Thirty 
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healthy adults completed 10 semi-structured activities for 7 minutes each.141 Data were collected 

using GT9X devices worn on the hip, left and right wrist, and left and right ankle.141 To 

determine the usefulness of the gyroscope and magnetometer data for estimating EE compared to 

and in addition to the accelerometer data, Hibbing et al.141 used a two-regression approach to 

developed models using 1) accelerometer data only, 2) accelerometer data + gyroscope data, and 

3) accelerometer data + gyroscope data + magnetometer data. Regardless of the attachment site, 

the model including accelerometer and gyroscope data improved EE estimates by approximately 

5% compared to using accelerometer data only.141 As an initial step in the two-regression 

development process, sedentary behaviour (SB) needs to be identified and ideally filtered out 

leaving only active activity data for the two regression equations to be applied to. A SB threshold 

was developed using 1) accelerometer data only and 2) gyroscope data only.141 The gyroscope 

only SB classifier perfectly-identified SB for all five attachment site models compared to an 

average accuracy of 91% for the five attachment site models using only accelerometer data.141 

The discriminatory performance of the classifier developed using gyroscope sensor data 

indicated that gyroscope sensor data may be better used for activity classification rather than 

estimation of EE.  

Marcotte et al.128 showed that the gyroscope in the ActiGraph GT9X IMU can be useful 

for detecting the number and degree of turning motions, a common movement that occurs during 

many activities of daily living such as household chores as well as during intermittent sporting 

activities. These two studies (Hibbing et al.141 and Marcotte et al.128) first introduced the GT9X 

gyroscope into the PA assessment literature and have demonstrated the utility of the sensor data 

for two important tasks, EE estimation and turning quantification and identification. However, 
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there are presently no studies using the GT9X gyroscope in youth, and no studies in any sample 

population using GT9X accelerometer and gyroscope data for PA classification.  

Section 7: Summary 

The general trend of these studies was that most classifiers were developed using hip data 

collected during structured laboratory and semi-structured simulated free-living activities. 

Additionally, most studies reported within-sample cross-validation results as the indicator of 

classifier performance which generally resulted in high accuracy (>85%). However, when 

applied to true free-living data in an out-of-sample independent validation, performance 

decreases for all classifier types by as much as 20.0%. This decrease in classifier performances 

indicates the presence of a statistical ceiling in application and an issue with classifier 

generalizability. Other disciplines have demonstrated that using data from both accelerometer 

and gyroscope sensors simultaneously yields improvements in PA classification when compared 

to using data from either sensor alone. However, this improvement in classification has yet to be 

examined when classifiers are used in application. Thus, there is a current gap in the literature 

pertaining to using accelerometer and gyroscope data together in youth, using the GT9X 

gyroscope for PA classification, and examining classifier performance using accelerometer and 

gyroscope data in out-of-sample scenarios in application.  
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The data presented in this chapter are part of a larger study aiming to identify periods of 

transition between bouts of activity in structured laboratory and unstructured free-living 

activities. This chapter is focused on presenting the methods for collecting the structured 

laboratory activity data and includes only procedural information and how the dataset was 

assembled. 

Section 1: Participants 

Data presented in this study were collected as part of a larger study and the protocol and 

participants have been reported on previously1,2. A sample of 100 youth participants between the 

ages of 6 and 18 years old were recruited from the Knoxville, TN area by word of mouth and 

flyers (Appendix C). Written informed consent (Appendix D) and a health history questionnaire 

(Appendix E) were obtained from a parent or legal guardian of each participant prior to 

enrollment. Each participant provided written informed assent (Appendix F) before study 

participation was initiated. The recruitment strategy aimed to achieve an approximately even 

distribution of biological sex across the age range in four target age groupings: 1) 6-9 years old, 

2) 10-12 years old, 3) 13-15 years old, and 4) 16-18 years old. Participants were excluded if any 

contraindications to exercise were reported by the parent/legal guardian on the health history 

questionnaire including: any musculo-skeletal injuries within the past six months that would 

prevent safe participation in regular physical activity, any metabolic condition or prescription 

medication that may affect metabolism, and any cardio-respiratory conditions, including asthma, 

that may limit regular physical activity participation. All study methods and procedures were 

approved by The University of Tennessee Knoxville Institutional Review Board. 
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Section 2: Procedures 

As part of the larger study protocol, participants were asked to complete 30 minutes of 

supine rest as a measure of resting metabolic rate (RMR) using a Cosmed K4b2 portable indirect 

calorimeter (Cosmed s.r.l., Rome, Italy). The primary focus of the present study is on physical 

activity (PA) classification and does not include an energy expenditure (EE) component, 

however, the wearable device data from the 30 minutes of supine rest during RMR was included 

as “lying” activity data for the subsequent analyses.  

All research visits were conducted at The University of Tennessee Knoxville Applied 

Physiology Laboratory in the Health, Physical Education, and Recreation building. Data was 

collected across two laboratory visits on two separate days. The first study visit included 

completion of the informed consent and assent process and participant screening before final 

enrollment. Once enrolled, participants had anthropometric measurements taken including: 

standing and sitting height (cm) using a wall-mounted or SECA 213 portable stadiometer and 

body mass (kg) and body fat percentage measured using a Tanita BC-418 bioelectrical 

impedance analyzer. Anthropometric measurements were taken with participants in light weight 

athletic clothing, with their shoes and socks removed. 

To start the first study visit, the 30-min RMR assessment was made after completing the 

anthropometric measurements. Following the RMR assessment, participants completed a battery 

of eight different structured activities from a list of 16 total activities (Appendix B – Table 1). 

The remaining eight activities were performed during the second laboratory visit so all 

participants completing both research visits performed all 16 activities. Prior to the first visit, 

eight activities were pseudo-randomly selected by a member of the research team based on 

laboratory space availability. Participants were instructed to perform each of the eight selected 
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activities two non-consecutive times during the visit, once for approximately 60-90 seconds and 

once for 4-5 minutes. Participants selected the order in which they wanted to perform the 

activities and the bout length was randomized by a member of the research team. Minimal 

limitations were placed on the possible activity combinations but due to scheduling and space 

constraints, some activities were selected based on available space at the time or postponed until 

the second day of testing if the required space was not available.  

All participants wore an ActiGraph GT9X (GT9X) activity monitor on the left and right 

wrists, and the right hip. The hip monitor was worn on an elastic belt over the right iliac crest 

along the anterior axillary line and secured using a manufacturer specified clip. The wrist-worn 

devices were worn in manufacturer specific watch bands that the devices clipped into. The watch 

bands were positioned proximal to the styloid processes with the devices oriented where the 

LCD display could be read naturally by the participant like a watch screen would be. Participants 

were directly observed throughout each research visit using the Noldus Pocket Observer 

application for Android tablets (Noldus International Technology, Wageningen, Netherlands). 

Direct observation was focused on coding activity behaviours, periods of transition, and posture.  

Participants were also video recorded during each study visit but had the option to opt-out if they 

were not comfortable with the video component of the observation. The video recordings served 

as a backup in case the live coded observation records needed to be reviewed and revised for any 

reasons including adding missing behaviours and adjusting timestamps if an error was made 

during the live coding process. During the live coded observations, if the observer noticed an 

error was made regarding an early or late timestamp or a mis-coded activity period, a comment 

was made to alert the research staff during post-processing to go back and review that time point 

in the video to make a correction as needed.  
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Section 3: Equipment 

3.1 Wearable Device 

ActiGraph GT9X: The GT9X is a small (3.5 x 3.5 x 1 cm), light weight (14 grams), 

water resistant (1 meter, 30 minutes) research-grade activity monitor with a programmable 

display window that can be worn on the hip, wrist, or ankle. The GT9X contains a primary 

triaxial accelerometer with a dynamic range of ± 8 gravitational units (g’s) and can be initialized 

to collect data at sampling frequencies of 30 - 100 Hz in increments of 10 Hz. The GT9X also 

contains an inertial measurement unit (IMU) that samples at a default 100 Hz. The IMU houses a 

secondary triaxial accelerometer with a dynamic range of ± 16 g’s, a triaxial gyroscope with a 

dynamic range of ± 2000 degrees per second, a magnetometer with a dynamic range of ± 4800 

micro-Tesla, and thermometer that measures the temperature inside the device housing. For the 

present study, GT9X devices were initialized to collect data at 90 Hz (primary accelerometer) 

and with the full IMU enabled (100 Hz) and Idle Sleep Mode disabled.  

3.2 Direct Observation  

Noldus Observer XT: The Noldus Observer XT (version 12.5) is a computer software 

program designed for direct observation. All research visits were live coded in real-time using 

the Noldus Pocket Observer application (version 3.2) for Android tablets on a Samsung Galaxy 

Tab 4 tablet (Samsung, Seoul, South Korea). As a secondary record, research visits were also 

video recorded using a Canon Vixia HFR700 camcorder.  

To use the Pocket Observer application, a coding scheme must first be created in the 

Noldus XT software program. A two-class focal sampling coding scheme was used to first code 

the activity behaviour being performed and then the posture of the participant during the activity 
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behaviour. A 19 item list of activity behaviours was created: the 16 activities listed in Appendix 

B - Table 1 plus an activity label for the start time of the observation period and activity routine 

(“Start Time”), a label for transitions between activities (“Transition”), and an unknown activity 

label to use when a participant performed an unlisted activity such as taking a water or bathroom 

break (“Unknown Activity”). After an activity behaviour was coded, the second layer of the 

coding scheme included modifier labels for the posture of the participant during an activity 

including lying, sitting, standing, or stepping. This coding scheme allowed for non-overlapping 

activity labels to be assigned in real-time by selecting the appropriate activity label button and 

subsequently the corresponding posture in the Pocket Observer mobile application. This created 

a continuous record of activities with time stamps that indicated the duration of activities marked 

by the beginning (e.g. when an activity was marked) and end of an activity label (e.g. when a 

new activity or transition was marked).   

Live-coded observations collected using the Pocket Observer application were imported 

to a Windows computer into the Noldus Observer XT software program. The criterion labelled 

direct observation data were aligned with the GT9X monitor data using the Windows system 

clock as the anchor point for alignment. A comment containing the Windows system clock time 

was inserted in the Pocket Observer observation notes at the start of the observation period. 

Additionally, a video of the Windows system clock used to initialize the GT9X devices was 

taken at the start and end of each data collection period. 

Section 4: Dataset Assembly 

Criterion-labelled activity data from the direct observation files were synchronized and 

merged with the second-by-second GT9X files so each second of monitor data had a 

corresponding behaviour label with the primary activity behaviour as well as posture. This was 
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done for each of the three attachment sites, hip, left wrist, and right wrist making three unique 

datasets. The full dataset for each attachment site was randomly split into training and testing 

datasets by participant ID to achieve similar distribution of demographic characteristics. There 

were 74 participants allocated to the training dataset and 25 participants held out as a testing 

dataset. The same participant IDs were used for each attachment site, so the training and testing 

datasets are comprised of the same participants for each attachment site dataset. For the purposes 

of the subsequent analyses, the original 16 activity labels were subdivided into two target 

classification outcomes (Appendix B – Table 1) 1) 14 individual activity classes and 2) 7 activity 

groups. For the purposes of the analyses, the “unknown activity”, “transition”, and “Start Time” 

data were cleaned from the dataset leaving only seconds with one of the 16 original activity 

behaviour labels. The total number of available data points for each attachment site, including 

the distribution across individual activity classes and activity groups is available in Appendix B – 

Table 2.  

An overview of the analysis plan is shown in Appendix A - Figure 1. Information about 

further data processing and statistical analyses are available in Chapter 4.  
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Abstract 

Purpose: The purpose of this study was to develop and cross-validate four machine learning 

classifiers for classifying two target outcomes: 1) fourteen individual activity classes and 2) six 

activity groups using three feature sets from ActiGraph GT9X (GT9X) 1) primary accelerometer 

sensor data only, 2) gyroscope sensor data only, and 3) accelerometer and gyroscope sensor data 

combined in youth. Methods: A sample of 100 youth aged 6-18 years old performed sixteen 

different semi-structured simulated free-living activities ranging from sedentary to vigorous 

intensity split across two laboratory visits on two separate days. Participants wore a GT9X on the 

right hip, left wrist, and right wrist and were directly observed for the duration of each laboratory 

visit to create timestamped criterion labels of the activities performed. GT9X primary 

accelerometer (90 Hz) and gyroscope (100 Hz) data were reduced to 1-s averages. Seventeen 

total features were calculated, 15 from the sensor data, and two biological variables [continuous 

numerical age (y) and leg length (cm)].  Decision trees, lasso logistic regression, random forest, 

and neural networks classifiers were developed for each feature set, attachment site, and target 

outcome. The sample was split into a training (n = 75) dataset for classifier development and a 

testing (n = 25) dataset for cross-validation. Overall model classification accuracy was used for 

model comparison. Results: For the individual activity class models, the combined sensor 

feature set (average classification accuracy: 61.5%; classification accuracy range across 

attachment sites: 49.2-67.5%) outperformed the accelerometer only feature set (53.9; 41.0-

61.4%) by an average of 7.7% and the gyroscope only feature set (48.3%; 35.2-59.0%) by an 

average of 13.2%, across all three attachment sites. For the activity group classifiers, the 

combined sensor feature set (82.0%; 77.7-85.1%) outperformed the accelerometer only feature 

set (76.7%; 71.8-80.9%) by an average of 5.3% and the gyroscope only feature set (76.6%; 72.3-
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80.0%) by an average of 5.4%, across all three attachment sites. Conclusion: The results of this 

study indicate that using the GT9X primary accelerometer and gyroscope data together improves 

PA classification for both individual activities and activity groups resulting in an average 

improvement in classification accuracy of 7.9%.  
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Section 1: Introduction 

Objectively assessing physical activity (PA) and sedentary behaviour (SB) are a primary 

interest for researchers to better understand their relationship with health outcomes. One popular 

method to assess PA and SB is to use wearable devices, which can be used in both structured and 

free-living environments. To date, most wearable devices used to assess PA have been 

comprised of a single accelerometer sensor. The raw accelerometer data can be expressed as the 

raw sensor signal in g’s or as proprietary activity counts. Historically, most methods have used a 

regression-based approach with count data primarily for the purpose of relating accelerometer 

data to energy expenditure (EE) or activity intensity. However, more recently, there has been 

increasing interest in working with raw accelerometer data as well as using the raw sensor data to 

classify PA type. Modeling raw accelerometer data can include threshold-based approaches but 

more frequently includes machine learning and pattern recognition approaches. Machine learning 

leverages the rich information in the raw sensor signal to better characterize PA behaviours. In 

general, these machine learning approaches are an improvement over threshold-based 

approaches for modeling accelerometer data but have not been as widely accepted and adopted 

by end-users because they are not as easy to implement or interpret in most cases.  

To date, nearly all PA classification research has used only accelerometer sensor data and 

associated features as the primary source for classifier development. A review by Farrahi et al.1 

shows that within-sample cross-validation classification accuracy, on average, ranges from 

85.0% to 90.0% for hip and wrist classifiers in adults and youth. At the group level, this level of 

accuracy is generally considered acceptable. However, it has recently been hypothesized that 

using data from only an accelerometer sensor may not be enough to adequately classify PA 

behaviours.2 One potential avenue to improve the classification of PA is to leverage additional 
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data to make the classification. Previous research in other disciplines have explored using both 

accelerometer and gyroscope sensor data together to classify PA. There is evidence to suggest 

that in adults, using smartphone data, using accelerometer and gyroscope data together yields 

improved classification accuracy by approximately 10.0%, compared to using data from either 

sensor individually. Additionally, using smartphone data, it has previously been shown that the 

contribution of each individual sensor type can vary by the device attachment site, the type of 

activity being performed, and the type of classifier used to model the sensor data.3 This indicates 

that for some cases, one sensor type will be superior to the other sensor type.3 However, one 

caveat to this research is that previous efforts have been focused specifically in adult 

populations, typically have small sample sizes, and only evaluate a small number of activities, 

generally consisting of gross body movements and some postures (e.g. walking, stair climbing, 

sitting, standing).3-8 However, there is currently no support for these findings in youth.   

In 2014, ActiGraph (ActiGraph Corporation, Pensacola, FL), an industry leading 

manufacturer of research-grade wearable devices, released the GT9X Link (GT9X) device.9 The 

GT9X utilizes the same primary triaxial accelerometer as its widely used predecessor (wGT3X-

BT) but also includes an inertial measurement unit (IMU) housing a secondary triaxial 

accelerometer, a triaxial gyroscope, a triaxial magnetometer, and a temperature sensor to monitor 

the temperature of the IMU sensors. Hibbing et al. 201810 first introduced the GT9X gyroscope 

into the literature by demonstrating its utility as a predictor of EE using a two-regression 

approach. Paired with the primary accelerometer data, the gyroscope sensor data improved EE 

estimates by ~5% compared to using the primary accelerometer alone. However, a larger 

takeaway from the study was that the gyroscope was a perfect classifier of SB for the hip, wrists, 

and ankles attachment sites (Area Under the Curve (AUC) = 100%), compared to the 
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accelerometer which yielded an AUC between 63.7% and 99.4%. The GT9X provides the 

perfect opportunity to collect both accelerometer and gyroscope data simultaneously, in a device 

familiar to the research community focused on PA assessment using wearable devices.  

Thus, the purpose of this study is two-fold: 1) to determine if using only GT9X 

gyroscope sensor data improves classification of semi-structured youth PA compared to using 

only GT9X accelerometer sensor data, and 2) to determine if using a combined sensor approach 

with GT9X accelerometer and gyroscope sensor data improves classification of semi-structured 

youth PA compared to using data from either single sensor individually.  

Section 2: Methods 

2.1 Participants 

Data presented in this study were collected as part of a larger study and the protocol and 

participants have been reported on previously11,12. A sample of 100 youth participants between 

the ages of 6 and 18 years old were recruited from the Knoxville, TN area by word of mouth and 

flyers. Written informed consent and a health history questionnaire were obtained from a parent 

or legal guardian of each participant and written informed assent was provided by each 

participant prior to enrollment in the study. The recruitment strategy aimed to achieve an 

approximately even distribution of biological sex across the age range in four target age 

groupings: 1) 6-9 years old, 2) 10-12 years old, 3) 13-15 years old, and 4) 16-18 years old. 

Participants were excluded if any contraindications to exercise were reported by the parent/legal 

guardian on the health history questionnaire including: any musculo-skeletal injuries within the 

past six months that would prevent safe participation in PA, any metabolic condition or 

prescription medication that may affect metabolism, and any cardio-respiratory conditions, 
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including asthma, that may limit regular PA participation. All study methods and procedures 

were approved by The University of Tennessee Knoxville Institutional Review Board. 

2.2 Procedures 

As part of the larger study protocol, participants were asked to complete 30 minutes of 

supine rest as a measure of resting metabolic rate (RMR) using a Cosmed K4b2 portable indirect 

calorimeter (Cosmed s.r.l., Rome, Italy). The primary focus of the present study is on physical 

activity (PA) classification and does not include an energy expenditure (EE) component, 

however, the wearable device data from the 30 minutes of supine rest during RMR was included 

as “lying” activity data for the subsequent analyses.  

All research visits were conducted at The University of Tennessee Knoxville Applied 

Physiology Laboratory in the Health, Physical Education, and Recreation building. Data was 

collected across two laboratory visits on two separate days. The first study visit included 

completion of the informed consent and assent process and participant screening before final 

enrollment. Once enrolled, participants had anthropometric measurements taken including: 

standing and sitting height (cm) using a wall-mounted or SECA 213 portable stadiometer and 

body mass (kg) and body fat percentage measured using a Tanita BC-418 bioelectrical 

impedance analyzer. Anthropometric measurements were taken with participants in light weight 

athletic clothing, with their shoes and socks removed.  

To start the first study visit, the 30-min RMR assessment was made after completing the 

anthropometric measurements. Following the RMR assessment, participants completed a battery 

of eight different structured activities from a list of 16 total activities (Appendix B – Table 1). 

The remaining eight activities were performed during the second laboratory visit so all 

participants completing both research visits performed all 16 activities. Prior to the first visit, 
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eight activities were pseudo-randomly selected by a member of the research team based on 

laboratory space availability. Participants were instructed to perform each of the eight selected 

activities two non-consecutive times during the visit, once for approximately 60-90 seconds and 

once for 4-5 minutes. Participants selected the order in which they wanted to perform the 

activities and the bout length was randomized by a member of the research team. Minimal 

limitations were placed on the possible activity combinations but due to scheduling and space 

constraints, some activities were selected based on available space at the time or postponed until 

the second day of testing if the required space was not available.  

All participants wore an ActiGraph GT9X (GT9X) activity monitor on the left and right 

wrists, and the right hip. The hip monitor was worn on an elastic belt over the right iliac crest 

along the anterior axillary line and secured using a manufacturer specified clip. The wrist-worn 

devices were worn in manufacturer specific watch bands that the devices clipped into. The watch 

bands were positioned proximal to the styloid processes with the devices oriented where the 

LCD display could be read naturally by the participant like a watch screen would be. Participants 

were directly observed throughout each research visit using the Noldus Pocket Observer 

application for Android tablets (Noldus International Technology, Wageningen, Netherlands). 

Direct observation was focused on coding activity behaviours, periods of transition, and posture.  

Participants were also video recorded during each study visit but had the option to opt-out if they 

were not comfortable with the video component of the observation. The video recordings served 

as a backup in case the live coded observation records needed to be reviewed and revised for any 

reasons including adding missing behaviours and adjusting timestamps if an error was made 

during the live coding process. During the live coded observations, if the observer noticed an 

error was made regarding an early or late timestamp or a mis-coded activity period, a comment 
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was made to alert the research staff during post-processing to go back and review that time point 

in the video to make a correction as needed.  

2.3 Data Acquisition 

2.3.1 Wearable Device 

ActiGraph GT9X: The GT9X is a small (3.5 x 3.5 x 1 cm), light weight (14 grams), 

water resistant (1 meter, 30 minutes) research-grade activity monitor with a programmable 

display window that can be worn on the hip, wrist, or ankle. The GT9X contains a primary 

triaxial accelerometer with a dynamic range of ± 8 gravitational units (g’s) and can be initialized 

to collect data at sampling frequencies of 30 - 100 Hz in increments of 10 Hz. The GT9X also 

contains an inertial measurement unit (IMU) that samples at a default 100 Hz. The IMU houses a 

secondary triaxial accelerometer with a dynamic range of ± 16 g’s, a triaxial gyroscope with a 

dynamic range of ± 2000 degrees per second, a magnetometer with a dynamic range of ± 4800 

micro-Tesla, and a thermometer that measures the temperature inside the device housing. For the 

present study, GT9X devices were initialized to collect data at 90 Hz (primary accelerometer) 

and with the full IMU enabled (100 Hz) and Idle Sleep Mode disabled.  

2.3.2 Direct Observation  

Noldus Observer XT: The Noldus Observer XT (version 12.5) is a computer software 

program designed for direct observation. All research visits were live coded in real-time using 

the Noldus Pocket Observer application (version 3.2) for Android tablets on a Samsung Galaxy 

Tab 4 tablet (Samsung, Seoul, South Korea). As a secondary record, research visits were also 

video recorded using a Canon Vixia HFR700 camcorder.  
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To use the Pocket Observer application, a coding scheme must first be created in the 

Noldus XT software program. A two-class focal sampling coding scheme was used to first code 

the activity behaviour being performed and then the posture of the participant during the activity 

behaviour. A 19 item list of activity behaviours was created: the 16 activities listed in Appendix 

B - Table 1 plus an activity label for the start time of the observation period and activity routine 

(“Start Time”), a label for transitions between activities (“Transition”), and an unknown activity 

label to use when a participant performed an unlisted activity such as taking a water or bathroom 

break (“Unknown Activity”). After an activity behaviour was coded, the second layer of the 

coding scheme included modifier labels for the posture of the participant during an activity 

including lying, sitting, standing, or stepping. This coding scheme allowed for non-overlapping 

activity labels to be assigned in real-time by selecting the appropriate activity label button and 

subsequently the corresponding posture in the Pocket Observer mobile application. This created 

a continuous record of activities with time stamps that indicated the duration of activities marked 

by the beginning (e.g. when an activity was marked) and end of an activity label (e.g. when a 

new activity or transition was marked).   

Live-coded observations collected using the Pocket Observer application were imported 

to a Windows computer into the Noldus Observer XT software program. The criterion labelled 

direct observation data were aligned with the GT9X monitor data using the Windows system 

clock as the anchor point for alignment. A comment containing the Windows system clock time 

was inserted in the Pocket Observer observation notes at the start of the observation period. 

Additionally, a video of the Windows system clock used to initialize the GT9X devices was 

taken at the start and end of each data collection period. 
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2.4 Wearable Device Data 

2.4.1 Data Pre-processing and Reduction 

All data handling was conducted in R13 statistical software. An overview of the data 

analysis plan is available in Appendix A – Figure 1. As a first step in pre-processing, a vector 

magnitude was calculated from the raw GT9X sensor data collected at 90 Hz for the primary 

accelerometer !"# = %&_())! +	,_())! +	-_())!. and 100 Hz for the gyroscope 

/0"# = %&_1234! +	,_1234! +	-_1234!5. Prior to calculation of GVM, the individual 

gyroscope axes were low-pass filtered at 35 Hz using a second order Butterworth filter. The 

individual sensor axes, VM, and GVM were then collapsed to 1-s averages.  

2.4.2 Feature Extraction 

A series of time and frequency domain features were engineered from the 1-s individual 

axes and VM and GVM sensor data. Once all features were engineered, the 1-s windows of 

sensor data were aggregated with labels from the direct observation files for each participant and 

each monitor attachment site (hip, left wrist, and right wrist) so each 1-s window has a label for 

individual activity, activity group, and posture. 

Based on prior research14-16, the following list of 15 time domain features were extracted 

from the 1-s sensor data (9 accelerometer features, 6 gyroscope features). All features were 

calculated for the accelerometer and gyroscope sensor data unless noted otherwise: 

1) Individual X-, Y-, and Z- axis inclination angles (accelerometer only) 

a. !"#. %&	 = 	 )*+!" #
√#!%&!%'! 		= 		,-./-0+		#		 "()*+ 	= 	-#/+	-012"	/0	."1,""+3. 

Additionally, the following features were calculated from rolling 10-s windows: 



   

 116 

2) Minimum VM and GVM value  

3) Maximum VM and GVM value  

4) Mean VM and GVM value  

5) Standard deviation of VM and GVM  

6) Coefficient of variation (CV) of VM and GVM  

7) Variance of VM and GVM  

While this list of features is not comprehensive, the proposed features have been used in 

multiple machine learning modeling studies using wearable sensor data.14-18 These feature sets 

should provide a starting point given the studies are not about novel modeling techniques but 

rather about adding new sensor data as a means of improving performance. Presently, there is a 

lack of information in the literature regarding gyroscope features. What little evidence exists in 

the literature has typically used the same time and frequency domain features that have been 

used for accelerometer data. Part of the rationale for this being that gyroscopes collect angular 

velocity data, which is a separate component of movement from linear acceleration captured by 

the accelerometer. While the data represent different components of movement and the sensor 

signals are in different units, the data should be able to be processed similarly. A comprehensive 

feature analysis may need to be explored in future studies. 

2.4.3 Feature Sets 

For each attachment site dataset (hip, left wrist, and right wrist), three feature sets were 

created as follows, comprised of the engineered features outlined above: 1) Accelerometer sensor 

features only (n = 9 features), 2) Gyroscope sensor features only (n = 6 features), and 3) 

Accelerometer + Gyroscope sensor features combined (n = 15 sensor features). In addition to the 

sensor features, the following biological variables were included: continuous numerical age (y) 
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and leg length (cm) making 17 total available features. Previous research in adults has shown 

that biological variables do not contribute much to the characterization of PA.19,20 Thus, the 

decision was made to exclude height, weight, biological sex, and body mass index (BMI) both as 

a categorical variable and as a continuous percentile as variables for this study. In the case of the 

present study in a youth sample spanning a broad age range, the authors elected to include leg 

length and age as continuous numerical features. This was done in hopes of contributing some 

information to the classification of locomotive and ambulatory activities as youth of different 

ages will move differently for walking, running, and stair climbing, much of which has to do 

with their gross motor coordination but also their leg length which contributes to their step 

frequency. With this in mind, these biological variables may additionally contribute to 

distinguishing other upright behaviours not listed here. It is intuitive that both age and leg length 

may contribute useful information for discriminating walking and running from one another 

since running for a six-year-old and walking for an eighteen-year-old may have similar sensor 

signal characteristics. With three feature sets for each attachment site (hip, left wrist, right wrist) 

and two target classification outcomes (individual activity classes and activity groups) for each 

feature set, the total number of feature sets is 18.  

2.4.4 Model Development 

For each attachment site dataset, a series of four model types were developed: 1) decision 

tree, 2) lasso logistic regression, 3) random forest, and 4) neural networks. These model types 

have been used previously for classification of PA type using only accelerometer data.14,16,21-23 

All features were used for the development of each of the four model types.  

The sample was randomly split by participant ID into partitions of 75 (training dataset) 

and 25 (testing dataset) participants. For each model type, the same 75/25 random split of 
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participants was used to make model results comparable to one another. The ‘set.seed’ argument 

was set to ‘307’ to maintain the same partitions of training data during k-fold cross-validation 

and to make results reproducible. All four model types were created using the ‘caret’24 package 

in R. Model parameters were tuned using the ‘traincontrol’ and ‘expand.grid’ functions and 

models were trained using the ‘train’ function with the requisite model type used for the method 

argument.  

i. Decision Tree  

Decision tree models were created using the ‘rpart’ method in the ‘caret’ 

package. The complexity parameter (cp) was tuned and optimized. Twenty-five 

possible cp values between 10-10 and 10-1 were tested during resampling (10-fold 

cross validation with no repeats) and the ‘best.cp’ value was used to train the final 

model.  

ii. Logistic Regression 

L1 regularized lasso logistic regression models were created using the ‘glmnet’ 

method in the ‘caret’ package. Prior to training, the ‘lambda’ parameter was 

optimized using the ‘cv.glmnet’ function with 3-fold cross-validation to identify 

the ‘lambda.min’ and ‘lambda.1se’ values (i.e. the values resulting in the lowest 

error on the training dataset) for each feature set and target classification outcome. 

Once the ‘lambda.1se’ was obtained, the, ‘alpha’ parameter was set to 1 and a 

final ‘glmnet’ model was trained using 3-fold cross-validation with no repeats.  

iii. Random Forest 
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Random forest models were created using the ‘rf’ method in the ‘caret’ package. 

The ‘mtry’ argument (i.e. the number of variables available for splitting at each 

node of a tree) was tuned to be the square root of the number of features used for 

each model. No restrictions or tuning was performed for the ‘ntree’ argument, this 

was objectively determined by the individual model. Three-fold cross-validation 

with no repeats was used to train a final model with the single tuned ‘mtry’ value.  

iv. Neural Network  

Neural network models were created using the ‘nnet’ method in the ‘caret’ 

package. The ‘size’ and ‘decay’ arguments were tuned by training 100 iterations 

using the entire training data set, no partitions, to determine the best combination 

of parameters to use. Five different values were tested for the ‘size’ (1, 5, 10, 15, 

and 20) and the ‘decay’ (0.0001, 0.001, 0.01, 0.1, 0.5) arguments. For the single 

sensor feature set models (i.e. accelerometer only and gyroscope only) the ‘size’ 

parameter was set to 20 and the ‘decay’ parameter was set to 0.1. For the 

combined sensor feature set models, the ‘decay’ parameter remained 0.1 but the 

‘size’ parameter was changed to 15. Three-fold cross-validation with no repeats 

using the optimized ‘size’ and ‘decay’ parameters was used to train the model 

before fitting a model on the full training dataset. The ‘maxit’ value (i.e. the 

maximum number of iterations allowed to reach convergence at a local minima) 

was set to 5,000 possible iterations.   

2.5 Statistical Analysis 

Statistical analyses were performed in R13 statistical software. The outcomes of interest 

for each dataset and model type are classification of: 1) 14 individual activity classes, and 2) six 



   

 120 

activity groups. For these analyses, data points with activity labels of “Start Time”, “Transition”, 

and “Unknown Activity” were removed from the dataset. Final model performance was assessed 

using a 25% holdout sample to determine generalizability. An overall classification accuracy 

measure (i.e. the number of correctly classified cases in all classes divided by the total number of 

cases) was reported for each model type as a general indicator of which feature set results in the 

highest classification accuracy for each attachment site and target classification outcome. The 

following summary statistics and individual class performance metrics will be reported for each 

model type, attachment site, and feature set. These metrics are defined using a standard 2x2 

contingency table layout and terminology with the columns representing the criterion values and 

the rows representing the predicted values.25-27 Cell A is true positives (TP), cell B is false 

positives (FP), cell C is false negatives (FN), and cell D is true negatives (TN).25-27 For more 

than two classes, as is the case with the presented analyses, metric results are calculated using a 

“one versus all” approach where each factor level is compared to the other factor levels.25-27  

1) sensitivity – [sens; TP/(TP+FN)] 

2) specificity – [spec; TN/(FP+TN)] 

3) prevalence – [prev; (TP+FN)/(TP+FP+FN+TN) 

4) positive predictive value – [PPV; (sens*prev)/((sens*prev) + (1–spec)*(1–prev))] 

5) negative predictive value – [NPV; spec*(1–prev))/(((1–sens)*prev)+((spec)*(1–prev))) 

6) precision – [TP/(TP+FP)] 

7) recall – [TP/(TP+FN)] 

8) F1 Score – [((1+beta2)*precision*recall)/((beta2*precision)+recall) – (note: beta = 1) 

9) balanced accuracy – [(sens + spec)/2]  
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Sections 3: Results 

 There were 100 youth participants enrolled in the study. A complete breakdown of how 

the data were handled following enrollment is shown in Appendix A - Figure 2. One participant 

withdrew prior to any activity data being collected resulting in the final analytical sample of 99 

participants, 74 in the training dataset and 25 in the testing dataset. A breakdown of the number 

of data points in each activity class is available in Appendix B – Table 2. Participant 

demographics and physical characteristics for the training and testing datasets are available in 

Appendix B - Table 3.  

Within-sample cross-validation results are split below based on attachment site (hip, left 

wrist, and right wrist), target outcome of interest (individual activity classes and activity groups) 

and model type (decision tree, lasso logistic regression, random forest, and neural network). 

3.1 Hip Individual Activity Class Results 

For the individual activity classes, Appendix A - Figure 3A shows the combined sensor 

feature set classifiers (range of classification accuracies across all four classifier types: 54.8-

67.2%) achieved higher overall classification LOOCV accuracy than all classifiers using either 

individual sensor feature sets by an average of 5.3% (accelerometer only) and 17.3% (gyroscope 

only). Of the single sensor classifiers, using the accelerometer only feature set (52.2-61.3%) 

achieved consistently higher overall LOOCV classification accuracy than using the gyroscope 

only feature set (35.2-54.0%) for all four classifiers by an average of 12.0%.  

Appendix B - Table 4 summarizes the percentage of cases correctly classified for each 

feature set and classifier type by individual activity class. In general, the combined sensor feature 

sets correctly classified the most cases with few exceptions where the accelerometer only or 
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gyroscope only feature sets were superior. Specific examples shown below by individual 

classifier type. 

For training classification accuracy using k-fold cross-validation, classifier accuracies 

ranged from 51.4% to 94.2% across all four classifier types with standard deviations ranging 

from 0.0001 to 0.0026. For all hip individual activity classifiers, the difference in classifier 

training accuracies between feature sets was greater than the maximum classifier training 

accuracy standard deviations indicating that the training classification accuracies were 

statistically different.  

3.1.1 Hip Individual Activity Class Decision Tree Results 

For the decision tree classifiers, the combined sensor feature set was best for 9 of the 14 

individual activity classes. Of the remaining five classes, the accelerometer only feature set was 

best for four activity classes (book reading, lying, reclining, and running), and the gyroscope 

only feature set was best for one activity class (catch) (Appendix B - Table 4). Of the activities 

the accelerometer only feature set was best for, three of the four were seated and lying activities 

(book reading, reclining, and lying). On average, across all 14 individual activities, the combined 

sensor decision tree correctly classified 4.2% more cases than the accelerometer only feature set 

and 14.9% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 10.7% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for computer by 

39.6%, jumping jacks by 19.8%, lying by 30.3%, reclining by 27.6%, running by 16.7%, and 

stair walking by 22.5%. The gyroscope only feature set was better than the accelerometer feature 

set for cycling by 22.0%. For all other activities, performance was generally similar. Appendix B 

– Table 5 shows performance metrics for each feature set. For all eight additional performance 
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metrics (sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and 

balanced accuracy), the combined sensor feature set outperformed the single sensor feature sets. 

F1 was on average 9.5% higher for the combined sensor feature set (42.6%) compared to the 

accelerometer only (38.2%) and gyroscope only feature sets (28.0%).  

3.1.2 Hip Individual Activity Class Lasso Results 

For the lasso models, the combined sensor feature set was best for 11 of 14 activity 

classes, the accelerometer only feature set was best for two activities (lying and basketball), and 

the gyroscope only feature set was best for the remaining activity (soccer) (Appendix B - Table 

4). On average, across all 14 individual activities, the combined sensor feature set correctly 

classified 8.9% more cases than the accelerometer only feature set and 13.2% more cases than 

the gyroscope only feature set. The accelerometer only feature set correctly classified on average 

4.2% more cases than the gyroscope only feature set. The accelerometer only feature set was 

better than the gyroscope only feature set for basketball by 10.1%, computer by 71.7%, jumping 

jacks by 21.3%, reclining by 18.2%, and stair walking by 13.1%. The gyroscope only feature set 

was better than the accelerometer feature set for cycling by 50.7%, catch by 29.1%, and dusting 

by 11.6%. For all other activities, performance was generally similar. Appendix B – Table 5 

shows performance metrics for each feature set. For all eight additional performance metrics 

(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced 

accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on 

average 11.0% higher for the combined sensor feature set (48.3%) compared to the 

accelerometer only (38.1%) and gyroscope only (36.6%) feature sets. 

3.1.3 Hip Individual Activity Class Random Forest Results 
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For the random forest models, the combined sensor feature set was best for all 14 activity 

classes (Appendix B - Table 4). On average, across all 14 individual activities, the combined 

sensor feature set correctly classified 8.5% more cases than the accelerometer only feature set 

and 19.2% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 10.7% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for computer by 

45.8%, jumping jacks by 29.7%, lying by 23.7%, reclining by 32.9%, and stair walking by 

23.4%. The gyroscope only feature set was better than the accelerometer feature set for cycling 

by 21.0%. For all other activities, performance was generally similar. Appendix B – Table 5 

shows performance metrics for each feature set. For all eight additional performance metrics 

(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced 

accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on 

average 13.8% higher for the combined sensor feature set (51.8%) compared to the 

accelerometer only (43.2%) and gyroscope only feature sets (32.7%). 

3.1.4 Hip Individual Activity Class Neural Network Results 

For the neural network models, the combined sensor feature set was best for 10 of 14 

activity classes, the accelerometer only feature set was best for two activities (reclining and 

running), and the gyroscope only feature set was best for the remaining two activities (soccer and 

sweeping) (Appendix B - Table 4). On average, across all 14 individual activities, the combined 

sensor feature set correctly classified 6.4% more cases than the accelerometer only feature set 

and 13.8% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 7.4% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for book reading by 
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16.2%, computer by 46.6%, jumping jacks by 18.6%, reclining by 46.4%. The gyroscope only 

feature set was better than the accelerometer feature set for cycling by 23.3%, book reading by 

10.4%, and sweeping by 13.1%. For all other activities, performance was generally similar. 

Appendix B – Table 5 shows performance metrics for each feature set. For all eight additional 

performance metrics (sensitivity, specificity, positive and negative predictive value, precision, 

recall, F1, and balanced accuracy), the combined sensor feature set outperformed the single 

sensor feature sets. F1 was on average 11.0% higher for the combined sensor feature set (52.2%) 

compared to the accelerometer only (45.4%) and gyroscope only feature sets (37.2%). 

3.2 Hip Activity Group Results 

For the activity groups, Appendix A - Figure 3B shows the combined sensor feature set 

classifiers (77.7-84.2%) consistently achieved higher overall classification accuracy than all 

classifiers using either individual sensor feature sets by an average of 6.2% (accelerometer only) 

and 5.2% (gyroscope only). Of the single sensor classifiers, using the accelerometer only (71.8-

79.2%) and gyroscope only (72.3-80.0%) individual sensor feature sets achieved similar overall 

classification and differed by an average of only 1.0% in favor of the gyroscope only feature set. 

Appendix B - Table 6 summarizes the percentage of cases correctly classified for each 

feature set by individual activity class. In general, the combined sensor feature set correctly 

classified the most cases with few exceptions where the accelerometer only or gyroscope only 

feature sets were superior. Specific examples shown below by individual classifier type. 

For training classification accuracy using k-fold cross-validation, classifier accuracies 

ranged from 75.2% to 95.7% across all four classifier types with standard deviations ranging 

from 0.0002 to 0.0022. For all hip activity group classifiers, the difference in classifier training 

accuracies between feature sets was greater than the maximum classifier training accuracy 
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standard deviations indicating that the training classification accuracies were statistically 

different.  

3.2.1 Hip Activity Group Decision Tree Results 

For the decision tree models, the combined sensor feature set was best for five of the six 

activity groups and the gyroscope only feature set was best for the remaining activity group 

(wheels) (Appendix B - Table 6). On average, across all 6 activity groups, the combined sensor 

feature set correctly classified 9.9% more cases than the accelerometer only feature set and 7.5% 

more cases than the gyroscope only feature set. The gyroscope only feature set correctly 

classified on average 2.3% more cases than the accelerometer only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for recreation and 

leisure time activity by 18.6% and the gyroscope only feature set was better than the 

accelerometer only feature set for wheeled activities by 27.9%. For all other activity groups, 

performance was generally similar. Appendix B – Table 7 shows performance metrics for each 

feature set. For all eight additional performance metrics (sensitivity, specificity, positive and 

negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor 

feature set outperformed the single sensor feature sets. F1 was on average 8.7% higher for the 

combined sensor feature set (62.2%) compared to the accelerometer only (52.6%) and gyroscope 

only feature sets (54.4%).  

3.2.2 Hip Activity Group LASSO Results 

For the LASSO models, the combined sensor feature set was best for five of the six 

activity groups and the gyroscope only feature set was best for the remaining activity group 

(sports) (Appendix B - Table 6). On average, across all 6 activity groups, the combined sensor 

feature set correctly classified 12.6% more cases than the accelerometer only feature set and 
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6.1% more cases than the gyroscope only feature set. The gyroscope only feature set correctly 

classified on average 6.4% more cases than the accelerometer only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for recreation and 

leisure time activity by 15.8% and the gyroscope only feature set was better than the 

accelerometer only feature set for wheeled activities by 34.9% and sports by 11.2%. For all other 

activity groups, performance was generally similar. Appendix B – Table 7 shows performance 

metrics for each feature set. For all eight additional performance metrics (sensitivity, specificity, 

positive and negative predictive value, precision, recall, F1, and balanced accuracy), the 

combined sensor feature set outperformed the single sensor feature sets. F1 was on average 

11.3% higher for the combined sensor feature set (67.0%) compared to the accelerometer only 

(51.8%) and gyroscope only feature sets (59.6%). 

3.2.3 Hip Activity Group Random Forest Results 

For the random forest models, the combined sensor feature set was best for all six activity 

groups (Appendix B - Table 6). On average, across all 6 activity groups, the combined sensor 

feature set correctly classified 11.8% more cases than the accelerometer only feature set and 

12.1% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 0.4% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for recreation and 

leisure time activity by 26.4% and the gyroscope only feature set was better than the 

accelerometer only feature set for wheeled activities by 25.1%. For all other activity groups, 

performance was generally similar. Appendix B – Table 7 shows performance metrics for each 

feature set. For all eight additional performance metrics (sensitivity, specificity, positive and 

negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor 
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feature set outperformed the single sensor feature sets. F1 was on average 12.9% higher for the 

combined sensor feature set (72.0%) compared to the accelerometer only (59.5%) and gyroscope 

only feature sets (58.8%). 

3.2.4 Hip Activity Group Neural Network Results 

For the neural network models, the combined sensor feature set was best for all six 

activity groups (Appendix B - Table 6). On average, across all 6 activity groups, the combined 

sensor feature set correctly classified 9.3% more cases than the accelerometer only feature set 

and 7.2% more cases than the gyroscope only feature set. The gyroscope only feature set 

correctly classified on average 2.1% more cases than the accelerometer only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for recreation and 

leisure time activity by 19.6% and the gyroscope only feature set was better than the 

accelerometer only feature set for wheeled activities by 23.4%. For all other activity groups, 

performance was generally similar. Appendix B – Table 7 shows performance metrics for each 

feature set. For all eight additional performance metrics (sensitivity, specificity, positive and 

negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor 

feature set outperformed the single sensor feature sets. F1 was on average 8.9% higher for the 

combined sensor feature set (73.3%) compared to the accelerometer only (63.3%) and gyroscope 

only feature sets (65.6%). 

3.3 Left Wrist Individual Activity Class Results 

For the individual activity classes, Appendix A - Figure 3C shows the combined sensor 

feature set classifiers (49.2-62.2%) achieved higher overall classification accuracy than all 

classifiers using either individual sensor feature sets by an average of 8.6% (accelerometer only) 

and 10.9% (gyroscope only). Of the single sensor classifiers, using the accelerometer only (41.0-
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55.8%) and gyroscope only (39.8-53.7%) individual sensor feature sets achieved similar overall 

classification and differed by an average of only 2.3% in favor of the accelerometer only feature 

set.  

Appendix B - Table 8 summarizes the percentage of cases correctly classified for each 

feature set and classifier type by individual activity class. In general, the combined sensor feature 

set correctly classified the most cases with few exceptions where the accelerometer only or 

gyroscope only feature sets were superior. Specific examples shown below by individual 

classifier type. 

For training classification accuracy using k-fold cross-validation, classifier accuracies 

ranged from 50.3% to 91.5% across all four classifier types with standard deviations ranging 

from 0.0002 to 0.0022. For all left wrist individual activity classifiers, the difference in classifier 

training accuracies between feature sets was greater than the maximum classifier training 

accuracy standard deviations indicating that the training classification accuracies were 

statistically different.  

3.3.1 Left Wrist Individual Activity Class Decision Tree Results 

For the decision tree models, the combined sensor feature set was best for 12 of the 14 

activity classes, the accelerometer only feature set was best for one activity (catch), and the 

gyroscope only feature set was best for one activity (lying) (Appendix B - Table 8). On average, 

across all 14 individual activities, the combined sensor feature set correctly classified 7.3% more 

cases than the accelerometer only feature set and 15.3% more cases than the gyroscope only 

feature set. The accelerometer only feature set correctly classified on average 8.0% more cases 

than the gyroscope only feature set. The accelerometer only feature set was better than the 

gyroscope only feature set for running by 36.2%, catch by 10.4%, dusting by 15.2%, stair 
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walking by 15.2%, sweeping by 15.5%, and walking by 16.9%. The gyroscope only feature set 

was better than the accelerometer feature set for cycling by 13.7% and lying by 17.6%. For all 

other activities, performance was generally similar. Appendix B – Table 9 shows performance 

metrics for each feature set. For all eight additional performance metrics (sensitivity, specificity, 

positive and negative predictive value, precision, recall, F1, and balanced accuracy), the 

combined sensor feature set outperformed the single sensor feature sets. F1 was on average 

12.8% higher for the combined sensor feature set (47.6%) compared to the accelerometer only 

(42.2%) and gyroscope only feature sets (27.3%).  

3.3.2 Left Wrist Individual Activity Class LASSO Results 

For the LASSO models, the combined sensor feature set was best for 10 of 14 activity 

classes, the accelerometer only feature set was best for two activities (catch and walking), and 

the gyroscope only feature set was best for the remaining two activities (basketball and lying) 

(Appendix B - Table 8). On average, across all 14 individual activities, the combined sensor 

feature set correctly classified 11.0% more cases than the accelerometer only feature set and 

14.0% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 3.0% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for running by 

48.2%, soccer by 15.0%, and walking by 11.7%. The gyroscope only feature set was better than 

the accelerometer feature set for cycling by 34.6%. For all other activities, performance was 

generally similar. Appendix B – Table 9 shows performance metrics for each feature set. For all 

eight additional performance metrics (sensitivity, specificity, positive and negative predictive 

value, precision, recall, F1, and balanced accuracy), the combined sensor feature set 

outperformed the single sensor feature sets. F1 was on average 7.0% higher for the combined 



   

 131 

sensor feature set (46.3%) compared to the accelerometer only (45.9%) and gyroscope only 

feature sets (32.6%). 

3.3.3 Left Wrist Individual Activity Class Random Forest Results 

For the random forest models, the combined sensor feature set was best for all 14 activity 

classes. (Appendix B - Table 8). On average, across all 14 individual activities, the combined 

sensor feature set correctly classified 9.2% more cases than the accelerometer only feature set 

and 20.8% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 11.7% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for book reading by 

18.3%, catch by 16.3%, computer by 19.1%, jumping jacks by 13.3%, running by 34.1%, soccer 

by 15.7%, stair walking by 20.3%, sweeping by 18.6%, and walking by 18.8%. The gyroscope 

only feature set was better than the accelerometer feature set for cycling by 19.6% and lying by 

10.6%. For all other activities, performance was generally similar. Appendix B – Table 9 shows 

performance metrics for each feature set. For all eight additional performance metrics 

(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced 

accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on 

average 16.0% higher for the combined sensor feature set (56.0%) compared to the 

accelerometer only (48.8%) and gyroscope only feature sets (31.1%). 

3.3.4 Left Wrist Individual Activity Class Neural Network Results 

For the neural network models, the combined sensor feature set was best for 10 of 14 

activity classes, the accelerometer only feature set was best for two activities (catch and 

walking), and the gyroscope only feature set was best for the remaining two activities (basketball 

and lying) (Appendix B - Table 8). On average, across all 14 individual activities, the combined 
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sensor feature set correctly classified 6.5% more cases than the accelerometer only feature set 

and 12.6% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 6.2% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for book reading by 

21.1%, jumping jacks by 13.1%, running by 27.9%, soccer by 22.9%, and walking by 20.8%. 

The gyroscope only feature set was better than the accelerometer feature set for cycling by 

26.9% and lying by 10.1%. For all other activities, performance was generally similar. Appendix 

B – Table 9 shows performance metrics for each feature set. For all eight additional performance 

metrics (sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and 

balanced accuracy), the combined sensor feature set outperformed the single sensor feature sets. 

F1 was on average 9.1% higher for the combined sensor feature set (50.7%) compared to the 

accelerometer only (45.3%) and gyroscope only feature sets (38.1%). 

3.4 Left Wrist Activity Group Results 

For the activity groups, Appendix A - Figure 3D shows the combined sensor feature set 

classifiers (79.0-84.0%) consistently achieved higher overall classification accuracy than all 

classifiers using either individual sensor feature sets by an average of 5.0% (accelerometer only) 

and 5.3% (gyroscope only). Of the single sensor classifiers, using the accelerometer only (73.9-

78.6%) and gyroscope only (73.5-79.2%) individual sensor feature sets achieved similar overall 

classification and differed by an average of only 0.2% in favor of the accelerometer only feature 

set. 

Appendix B - Table 10 summarizes the percentage of cases correctly classified for each 

feature set and classifier type by individual activity class. In general, the combined sensor feature 

set correctly classified the most cases with few exceptions where the accelerometer only or 
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gyroscope only feature sets were superior. Specific examples shown below by individual 

classifier type. 

For training classification accuracy using k-fold cross-validation, classifier accuracies 

ranged from 75.5% to 94.1% across all four classifier types with standard deviations ranging 

from 0.0002 to 0.0020. For all left wrist activity group classifiers, the difference in classifier 

training accuracies between feature sets was greater than the maximum classifier training 

accuracy standard deviations indicating that the training classification accuracies were 

statistically different.  

3.4.1 Left Wrist Activity Group Decision Tree Results 

For the decision tree models, the combined sensor feature set was best for all six activity 

groups (Appendix B - Table 10). On average, across all 6 activity groups, the combined sensor 

feature set correctly classified 10.1% more cases than the accelerometer only feature set and 

10.7% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 0.6% more cases than the gyroscope only feature set. The 

gyroscope only feature set was better than the accelerometer only feature set for wheeled 

activities by 22.3%. For all other activity groups, performance was generally similar. Appendix B 

– Table 11 shows performance metrics for each feature set. For all eight additional performance 

metrics (sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and 

balanced accuracy), the combined sensor feature set outperformed the single sensor feature sets. 

F1 was on average 10.4% higher for the combined sensor feature set (68.1%) compared to the 

accelerometer only (57.7%) and gyroscope only feature sets (57.7%).  

3.4.2 Left Wrist Activity Group LASSO Results 
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For the LASSO models, the combined sensor feature set was best for five of the six 

activity groups and the gyroscope only feature set was best for the remaining activity group 

(sports) (Appendix B - Table 10). On average, across all 6 activity groups, the combined sensor 

feature set correctly classified 7.4% more cases than the accelerometer only feature set and 6.7% 

more cases than the gyroscope only feature set. The gyroscope only feature set correctly 

classified on average 0.7% more cases than the accelerometer only feature set. For all activity 

groups, performance was generally similar between the accelerometer only and gyroscope only 

feature sets. Appendix B – Table 11 shows performance metrics for each feature set. For all eight 

additional performance metrics (sensitivity, specificity, positive and negative predictive value, 

precision, recall, F1, and balanced accuracy), the combined sensor feature set outperformed the 

single sensor feature sets. F1 was on average 8.7% higher for the combined sensor feature set 

(63.4%) compared to the accelerometer only (54.2%) and gyroscope only feature sets (55.2%). 

3.4.3 Left Wrist Activity Group Random Forest Results 

For the random forest models, the combined sensor feature set was best for all six activity 

groups (Appendix B - Table 10). On average, across all 6 activity groups, the combined sensor 

feature set correctly classified 11.7% more cases than the accelerometer only feature set and 

12.9% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 1.2% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for recreation and 

leisure time activity by 14.1% and the gyroscope only feature set was better than the 

accelerometer only feature set for wheeled activities by 31.7%. For all other activity groups, 

performance was generally similar. Appendix B – Table 11 shows performance metrics for each 

feature set. For all eight additional performance metrics (sensitivity, specificity, positive and 
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negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor 

feature set outperformed the single sensor feature sets. F1 was on average 12.5% higher for the 

combined sensor feature set (74.7%) compared to the accelerometer only (62.6%) and gyroscope 

only feature sets (62.0%). 

3.4.4 Left Wrist Activity Group Neural Network Results 

For the neural network models, the combined sensor feature set was best for all six 

activity groups (Appendix B - Table 10). On average, across all 6 activity groups, the combined 

sensor feature set correctly classified 11.5% more cases than the accelerometer only feature set 

and 8.5% more cases than the gyroscope only feature set. The gyroscope only feature set 

correctly classified on average 3.0% more cases than the accelerometer only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for recreation and 

leisure time activity by 12.9% and the gyroscope only feature set was better than the 

accelerometer only feature set for wheeled activities by 36.4%. For all other activity groups, 

performance was generally similar. Appendix B – Table 11 shows performance metrics for each 

feature set. For all eight additional performance metrics (sensitivity, specificity, positive and 

negative predictive value, precision, recall, F1, and balanced accuracy), the combined sensor 

feature set outperformed the single sensor feature sets. F1 was on average 9.8% higher for the 

combined sensor feature set (75.2%) compared to the accelerometer only (64.1%) and gyroscope 

only feature sets (66.6%). 

3.5 Right Wrist Individual Activity Class Results 

For the individual activity classes, Appendix A - Figure 3E shows the combined sensor 

feature set classifiers (57.3-67.5%) achieved higher overall classification accuracy than all 

classifiers using either individual sensor feature sets by an average of 9.0% (accelerometer only) 
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and 11.4% (gyroscope only). Of the single sensor classifiers, using the accelerometer only 

feature sets (47.6-61.4%) achieved higher overall classification compared to using the gyroscope 

only feature sets (45.8-59.0%) by an average of 2.5%.  

Appendix B - Table 12 summarizes the percentage of cases correctly classified for each 

feature set and classifier type by individual activity class. In general, the combined sensor feature 

set correctly classified the most cases with few exceptions where the accelerometer only or 

gyroscope only feature sets were superior. Specific examples shown below by individual 

classifier type. 

For training classification accuracy using k-fold cross-validation, classifier accuracies 

ranged from 51.1% to 91.1% across all four classifier types with standard deviations ranging 

from 0.0001 to 0.0022. For all right wrist individual activity classifiers, the difference in 

classifier training accuracies between feature sets was greater than the maximum classifier 

training accuracy standard deviations indicating that the training classification accuracies were 

statistically different.  

3.5.1 Right Wrist Individual Activity Class Decision Tree Results 

For the decision tree  models, the combined sensor feature set was best for 13 of 14 

activity classes and the gyroscope only feature set was best for the remaining activity class 

(lying) (Appendix B - Table 12). On average, across all 14 individual activities, the combined 

sensor feature set correctly classified 9.2% more cases than the accelerometer only feature set 

and 15.6% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 6.4% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for book reading by 

16.1%, computer by 11.2%, reclining by 12.5%, running by 27.2%, stair walking by 13.4%, and 
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walking by 22.3%. The gyroscope only feature set was better than the accelerometer feature set 

for cycling by 28.7% and lying by 13.2%. For all other activities, performance was generally 

similar. Appendix B – Table 13 shows performance metrics for each feature set. For all eight 

additional performance metrics (sensitivity, specificity, positive and negative predictive value, 

precision, recall, F1, and balanced accuracy), the combined sensor feature set outperformed the 

single sensor feature sets. F1 was on average 15.2% higher for the combined sensor feature set 

(50.9%) compared to the accelerometer only (42.7%) and gyroscope only feature sets (28.8%).  

3.5.2 Right Wrist Individual Activity Class LASSO Results 

For the LASSO models, the combined sensor feature set was best for 11 of 14 activity 

classes, the accelerometer only feature set was best for two activities (catch and walking), and 

the gyroscope only feature set was best for the remaining activity (lying) (Appendix B - Table 

12). On average, across all 14 individual activities, the combined sensor feature set correctly 

classified 10.4% more cases than the accelerometer only feature set and 16.5% more cases than 

the gyroscope only feature set. The accelerometer only feature set correctly classified on average 

6.1% more cases than the gyroscope only feature set. The accelerometer only feature set was 

better than the gyroscope only feature set for computer by 27.6%, running 44.8%, soccer by 

11.5%, sweeping by 15.7%, and walking by 16.9%. The gyroscope only feature set was better 

than the accelerometer feature set for cycling by 27.7%. Appendix B – Table 13 shows 

performance metrics for each feature set. For all eight additional performance metrics 

(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced 

accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on 

average 15.3% higher for the combined sensor feature set (49.6%) compared to the 

accelerometer only (40.9%) and gyroscope only feature sets (27.5%). 
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3.5.3 Right Wrist Individual Activity Class Random Forest Results 

For the random forest models, the combined sensor feature set was best for 13 of the 14 

activity classes and the gyroscope only feature set was best for the one remaining activity (lying) 

(Appendix B - Table 12). On average, across all 14 individual activities, the combined sensor 

feature set correctly classified 9.9% more cases than the accelerometer only feature set and 

20.2% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 10.3% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for book reading by 

26.8%, catch by 13.9%, computer by 12.2%, dusting by 11.3%, jumping jacks by 12.8%, 

reclining by 11.3%, running by 27.3%, soccer by 14.3%, stair walking by 20.3%, sweeping by 

12.8%, and walking by 22.9%. The gyroscope only feature set was better than the accelerometer 

feature set for cycling by 16.8% and lying by 23.9%. For all other activities, performance was 

generally similar. Appendix B – Table 13 shows performance metrics for each feature set. For all 

eight additional performance metrics (sensitivity, specificity, positive and negative predictive 

value, precision, recall, F1, and balanced accuracy), the combined sensor feature set 

outperformed the single sensor feature sets. F1 was on average 17.2% higher for the combined 

sensor feature set (58.5%) compared to the accelerometer only (50.0%) and gyroscope only 

feature sets (32.5%). 

3.5.4 Right Wrist Individual Activity Class Neural Network Results 

For the neural network models, the combined sensor feature set was best for 11 of 14 

activity classes, the accelerometer only feature set was best for two activities (catch and 

walking), and the gyroscope only feature set was best for the remaining activity (lying) 

(Appendix B - Table 12). On average, across all 14 individual activities, the combined sensor 
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feature set correctly classified 6.4% more cases than the accelerometer only feature set and 

12.7% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 6.3% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for book reading by 

28.7%, running by 15.9%, soccer by 18.6%, sweeping by 16.5%, and walking by 25.4%. The 

gyroscope only feature set was better than the accelerometer feature set for cycling by 25.5%. 

For all other activities, performance was generally similar. Appendix B – Table 13 shows 

performance metrics for each feature set. For all eight additional performance metrics 

(sensitivity, specificity, positive and negative predictive value, precision, recall, F1, and balanced 

accuracy), the combined sensor feature set outperformed the single sensor feature sets. F1 was on 

average 12.7% higher for the combined sensor feature set (54.0%) compared to the 

accelerometer only (47.8%) and gyroscope only feature sets (34.7%). 

3.6 Right Wrist Activity Group Results 

For the activity groups, Appendix A - Figure 3F shows the combined sensor feature set 

classifiers (80.2-85.1%) consistently achieved higher overall classification accuracy than all 

classifiers using either individual sensor feature sets by an average of 4.8% (accelerometer only) 

and 5.7% (gyroscope only). Of the single sensor classifiers, using the accelerometer only (75.0-

80.9%) and gyroscope only (74.6-79.6%) individual sensor feature sets achieved similar overall 

classification and differed by an average of only 0.9% in favor of the accelerometer only feature 

set. 

Appendix B - Table 14 summarizes the percentage of cases correctly classified for each 

feature set and classifier type by individual activity class. In general, the combined sensor feature 

set correctly classified the most cases with few exceptions where the accelerometer only or 
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gyroscope only feature sets were superior. Specific examples shown below by individual 

classifier type. 

For training classification accuracy using k-fold cross-validation, classifier accuracies 

ranged from 75.6% to 94.0% across all four classifier types with standard deviations ranging 

from 0.0002 to 0.0023. For all right wrist individual activity classifiers, the difference in 

classifier training accuracies between feature sets was greater than the maximum classifier 

training accuracy standard deviations indicating that the training classification accuracies were 

statistically different.  

3.6.1 Right Wrist Activity Group Decision Tree Results 

For the decision tree models, the combined sensor feature set was best for five of the six 

activity groups and the accelerometer only feature set was best for the remaining activity group 

(sports) (Appendix B - Table 14). On average, across all 6 activity groups, the combined sensor 

feature set correctly classified 9.5% more cases than the accelerometer only feature set and 9.6% 

more cases than the gyroscope only feature set. The accelerometer only feature set correctly 

classified on average 0.1% more cases than the gyroscope only feature set. The accelerometer 

only feature set was better than the gyroscope only feature set for recreation and leisure time 

activity by 10.7%. The gyroscope only feature set was better than the accelerometer only feature 

set for wheeled activities by 26.7%. For all other activity groups, performance was generally 

similar. Appendix B – Table 15 shows performance metrics for each feature set. For all eight 

additional performance metrics (sensitivity, specificity, positive and negative predictive value, 

precision, recall, F1, and balanced accuracy), the combined sensor feature set outperformed the 

single sensor feature sets. F1 was on average 9.8% higher for the combined sensor feature set 

(69.7%) compared to the accelerometer only (59.9%) and gyroscope only feature sets (60.0%).  
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3.6.2 Right Wrist Activity Group LASSO Results 

For the LASSO models, the accelerometer only feature set was best for four of the six 

activity groups, the combined sensor feature set was best for one activity group (continuous 

walking and running), and the gyroscope only feature set was best for the remaining activity 

groups (seated and lying activity) (Appendix B - Table 14). On average, across all 6 activity 

groups, the combined sensor feature set correctly classified 9.1% more cases than the 

accelerometer feature set and 7.2% more cases than the gyroscope only feature set. The 

gyroscope only feature set correctly classified on average 1.9% more cases than the 

accelerometer only feature set. The gyroscope only feature set was better than the accelerometer 

only feature set for household chores by 14.9%. For all other activity groups, performance was 

generally similar. Appendix B – Table 15 shows performance metrics for each feature set. For all 

eight additional performance metrics (sensitivity, specificity, positive and negative predictive 

value, precision, recall, F1, and balanced accuracy), the combined sensor feature set 

outperformed the single sensor feature sets. F1 was on average 10.0% higher for the combined 

sensor feature set (64.8%) compared to the accelerometer only (53.8%) and gyroscope only 

feature sets (55.9%). 

3.6.3 Right Wrist Activity Group Random Forest Results 

For the random forest models, the combined sensor feature set was best for all six activity 

groups (Appendix B - Table 14). On average, across all 6 activity groups, the combined sensor 

feature set correctly classified 9.8% more cases than the accelerometer only feature set and 

12.7% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 2.9% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for recreation and 
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leisure time activity by 16.7%. The gyroscope only feature set was better than the accelerometer 

only feature set for wheeled activities by 23.2%%. For all other activity groups, performance was 

generally similar. Appendix B – Table 15 shows performance metrics for each feature set. For all 

eight additional performance metrics (sensitivity, specificity, positive and negative predictive 

value, precision, recall, F1, and balanced accuracy), the combined sensor feature set 

outperformed the single sensor feature sets. F1 was on average 11.3% higher for the combined 

sensor feature set (76.1%) compared to the accelerometer only (66.4%) and gyroscope only 

feature sets (63.2%). 

3.6.4 Right Wrist Activity Group Neural Network Results 

For the neural network models, the combined sensor feature set was best for all six 

activity groups (Appendix B - Table 14). On average, across all 6 activity groups, the combined 

sensor feature set correctly classified 8.0% more cases than the accelerometer only feature set 

and 9.7% more cases than the gyroscope only feature set. The accelerometer only feature set 

correctly classified on average 1.1% more cases than the gyroscope only feature set. The 

accelerometer only feature set was better than the gyroscope only feature set for recreation and 

leisure time activity by 13.7%. The gyroscope only feature set was better than the accelerometer 

only feature set for wheeled activities by 20.7%. For all other activity groups, performance was 

generally similar. Appendix B – Table 15 shows performance metrics for each feature set. For all 

eight additional performance metrics (sensitivity, specificity, positive and negative predictive 

value, precision, recall, F1, and balanced accuracy), the combined sensor feature set 

outperformed the single sensor feature sets. F1 was on average 8.5% higher for the combined 

sensor feature set (76.3%) compared to the accelerometer only (68.6%) and gyroscope only 

feature sets (67.1%). 
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For additional detail about individual classifier confusion matrices and model 

performance summaries, please see Appendix B – Tables 16-63 for hip, Appendix B – Tables 64-

111 for left wrist, and Appendix B – Tables 112-159 for right wrist results.   

Section 4: Discussion 

4.1 Summary  

The purpose of this study was two-fold: 1) to compare youth PA classification 

performance using classifiers trained with only accelerometer sensor data to classifiers trained 

with only gyroscope sensor data, and 2) to determine if using gyroscope sensor data in addition 

to accelerometer sensor data improved youth PA classification performance. The results of the 

study indicate that combining accelerometer and gyroscope data results in superior classification 

performance compared to using data from either single sensor individually for classifying 

individual activity type and activity group in youth. The combined sensor feature set was, on 

average, 10.4% better for classifying individual activities than the accelerometer only (difference 

in classification accuracy: 7.7%) and gyroscope only (13.2%) feature sets across all three 

attachment sites and all four classifier types. Similarly, for the activity group classifiers, the 

combined sensor feature set was on average 5.3% better than the accelerometer only (5.3%) and 

gyroscope only (5.4%) feature sets across all three attachment sites and all four classifier types. 

These findings indicate that for semi-structured free-living activities, using data from both the 

GT9X primary accelerometer and gyroscope will result in universally higher classification 

accuracy for both individual activity classes and activity groups regardless of attachment site 

when compared to using either single sensor individually. This study contributes to the limited 

sub-area of literature pertaining to youth PA assessment and is one of the first studies to 
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investigate using data from both accelerometer and gyroscope data from the GT9X for PA 

classification in both youth and adults. 

4.2 Performance Overview 

The findings in the present study are in line with previous studies in adults.3-8 Ferrari et 

al.4 showed across three benchmark datasets, using adult data collected using smartphones, that 

classification accuracy is, on average, 10% higher when machine learning and deep learning 

models are developed using both accelerometer and gyroscope sensor features compared to using 

either single sensor data individually. Wu et al.7 showed using iPod Touch data collected in 

adults, that machine learning classifiers developed using gyroscope and accelerometer data 

together results in a 3.1% to 13.4% improvement in classification accuracy over classifiers using 

only accelerometer data. The authors note that the magnitude of the difference in performance is 

dependent on the activity being classified. Shoaib et al.8 also showed that using both 

accelerometer and gyroscope data together results in higher true positive rates for a variety of 

machine learning classifiers compared to using either data from single sensor alone. This 

establishes a pattern that using data from multiple inertial sensors at the same attachment site 

generally results in improved characterization of PA across a variety of activities in both youth 

and adults. This is the first study, to the knowledge of the authors, exploring using accelerometer 

and gyroscope data together in youth. Additionally, of the existing studies in adults, many have 

small sample sizes (N < 20) and include a limited number of activities (N < 6) that most often 

include locomotion and gross body movements only.  

Shoaib et al.3 showed that the relative improvement in classification using data from both 

accelerometer and gyroscope sensors together is largely dependent on the activity and in some 

cases the difference is negligible from the individual sensor performance. Shoaib et al.3 noted 
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that when performance is high for a single sensor classifier, it becomes increasingly difficult to 

further improve the classifier performance by adding additional data from a complementary 

sensor. The results of the present study demonstrate this effect for the seated and lying activity 

group. Both of the individual accelerometer only and gyroscope only feature sets are excellent 

for the classification of this activity group (>92.0% classification accuracy) for all classifier 

types across all three attachment sites. The combined sensor feature set does outperform the 

individual sensor feature sets, but the improvement is marginal due to already high classification 

accuracy with each individual sensor feature set. This story is slightly different when the 

individual activities contained in the seated and lying activity group are examined independently. 

For example, the percentage of correctly classified cases of book reading across all four 

classifiers types ranged (min to max) from 4.0% to 44.0% for the accelerometer only feature set, 

0.0% to 22.4% for the gyroscope only feature set and 8.1% to 53.8% for the combined sensor 

feature set across all attachment sites. For computer work, the percentage of correctly classified 

cases across all four classifier types ranged from 26.6% to 88.8% for the accelerometer only 

feature set, 17.1% to 72.4% for the gyroscope only feature set, and 36.6% to 92.4% for the 

combined sensor feature set across all attachment sites. For lying, the percentage of correctly 

classified cases across all four classifiers types ranged from 43.6% to 98.8% for the 

accelerometer only feature set, 52.4% to 94.9% for the gyroscope only attachment site, and 

53.1% to 98.6% for the combined sensor feature set across all attachment sites. For reclining, the 

percentage of correctly classified cases across all four classifiers types ranged from 0.0% to 

47.6% for the accelerometer only feature set, 0.0% to 13.6% for the gyroscope only attachment 

site, and 0.5% to 41.4% for the combined sensor feature set across all attachment sites.  
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Conversely, when neither single sensor classifier performs particularly well but one is 

better than the other, the resulting combined sensor classifier performance is improved. In the 

present study for example, the accelerometer only feature set classified 36.4% of jumping jacks 

cases correctly on average at the hip compared to 16.6% for the gyroscope only feature set. 

However, the combined sensor feature set correctly classified 48.4% of cases on average, an 

improvement over both single sensor models demonstrating that for some classes, the two single 

sensor signals contain complementary information. This is true for cases where performance is 

similar between the two single sensor classifiers as well. In the present study for example, the 

accelerometer only and gyroscope only feature sets classified 48.5% and 45.6% of walking cases 

correctly on average at the hip while the combined sensor feature set classified 61.9% of walking 

cases correctly on average. In both examples, the overall combined sensor performance is 

generally low. However, in the context of the purposes of the present study, the results indicate 

that using both accelerometer and gyroscope sensor data together generally results in 

performance improvements across a variety of activities and for both hip and wrist attachment 

sites.  

4.2.1 Differences between Feature Sets for Individual Activity Classes 

The results of this study show that for the single sensor models, the accelerometer only 

classifiers are better than the gyroscope only classifiers for some activities and vice versa. For 

the individual activity classifiers, the gyroscope only feature set was universally better for the 

classification of stationary cycling where on average, 25.7% more cycling data points were 

correctly classified than the accelerometer only feature set across all three attachment sites. 

Conversely, the accelerometer only feature set was universally better for the classification of 

stair walking, where on average, 12.8% more stair walking data points were correctly classified 
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than the gyroscope only feature set across all three attachment sites. Additionally, the 

accelerometer only classifiers were notably better than the gyroscope only classifiers for book 

reading (average difference in percentage of correctly classified data points: 12.9%), computer 

(24.1%), jumping jacks (12.2%), reclining (13.8%), running (24.2%), and walking (15.0%) 

across all attachment sites.  

4.2.2 Effect of GT9X Attachment Site on Individual Sensor Contribution to Classification 

 It has been shown previously using data from smartphones collected in adults that the 

contribution of each sensor type varies by attachment site.3 This section highlights a few notable 

instances in the present study further documenting the role attachment site plays on the 

individual sensor contribution to classification performance. The 24.1% difference in correctly 

classified computer work cases between the accelerometer only and gyroscope only classifiers is 

largely driven by the hip where the accelerometer only model correctly classified 50.9% more 

computer data points than the gyroscope only model. Similarly, the 12.2% difference in correctly 

classified cases of jumping jacks is also driven by the large difference between the accelerometer 

only and gyroscope only hip classifiers which were 22.4% different in the number of correctly 

classified cases in favor of the accelerometer only classifier.  Conversely, the large differences in 

the number of correctly classified walking (15.0%) and running (24.2%) data points between the 

accelerometer only and gyroscope only classifiers is driven by the wrists. For walking, the left 

and right wrist accelerometer only models classified 17.1% and 21.9% more walking data points 

correctly than the gyroscope only models, respectively. Similarly, for running, the left and right 

wrist accelerometer only models classified 36.6% and 28.8% more running data points correctly 

than the gyroscope only models. The differences between the accelerometer only and gyroscope 

only hip classifiers was only 6.2% for walking and 7.3% for running. For the remaining activity 
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classes, the trends in favor of one sensor feature set over another were minor (<5.0%) and 

generally trended in the same direction with the exception of lying. For the hip classifiers, the 

accelerometer only feature set was better than the gyroscope only feature set but for the wrists 

the pattern was different where the gyroscope only feature set was better than the accelerometer 

only feature set indicating the performance of a classifier using one data from one sensor versus 

the other is specific to the activity being performed and the attachment site confirming the 

findings of Shoaib and colleagues.3 

4.3 Comparison to Previous Research 

For the activity groups, the classification accuracies for the accelerometer only feature set 

(average: 76.7%; range: 71.8-80.9%) were fairly comparable to the lower end of what has been 

shown in other previous studies using only accelerometer sensor data.14,22,28,29 For example, Kerr 

et al.28 achieved average classification accuracies between 84.0% and 93.0% across five or six 

activity classes in different three adult populations. Ellis et al.22 achieved balanced accuracies of 

88.1% and 83.6% for hip and wrist classifiers across four activity classes in middle-aged adult 

women. Trost et al.29 achieved accuracies between 80.0 – 81.0% for the hip, 78.0% - 80.0% for 

the wrist, and 82.0% - 85.0% for a combined hip and wrist model across five activity classes in 

preschoolers. Chowdhury et al.14 developed a series of machine learning models using wrist data 

and achieved F1 scores between 72.0% and 86.0% across eight activity classes in adults, 65.0% 

and 80.0% across five activity classes in adults, and 76.0% and 86.0% across seven activity 

classes in youth. The classifiers developed in the present study using the gyroscope only feature 

set (average classification accuracy 76.6%; range: 72.3-80.0%) can also be considered 

comparable to the results of previous studies using only accelerometer sensor data. Additionally, 

classifiers developed in the present study using the combined sensor feature (82.0%; 77.7-
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85.1%) are quite comparable to the results of previous studies using only accelerometer sensor 

data.  

One reason for the possible lower performance of the accelerometer only feature set and 

improved but similar performance of the combined sensor feature set is likely attributable to the 

activities used for development in the present study. While true the number of activity groups 

used in the present study is similar to the number of groups used in previous studies, the present 

study had more variety in the individual activities contained in the collapsed activity groups 

which is likely why performance is slightly lower but generally still comparable. For example, 

most other studies have used 3-6 activity groups. The majority of the activities included in those 

groups include gross body movements (e.g. locomotion, stair walking) and different postures 

(e.g. sitting, standing, and lying) and less activities of daily living. Some studies, such as those 

by Mannini et al.30,31 have included more specific individual activities as was done in the present 

study, but the activity groups these activities were collapsed into were broader than the groups 

used in the present study (ambulation, cycling, other, and sedentary). Additionally, most 

previous studies have adhered to using a protocol where each activity lasts for a given time 

period and frequently starts and stops on the minute making for clean activity start and end 

points. In the present study, participants were coached to start an activity when they were ready 

and when they could begin to transition between activities and were provided a window in which 

to do so. Collectively, the more natural end points for the activities included in the present study 

and the more specific nature of the activity groups evaluated, contribute to the slightly lower 

overall performance when compared to previous studies.   

4.4 Left and Right Wrist Justification  
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Presently, there is interest in using the wrist as attachment site as both the National 

Health and Nutrition Examination Survey (NHANES) and U.K. Biobank, two national 

population surveillance studies, have chosen to have participants wear devices on the wrist over 

the hip. The NHANES32 procedures have participants wear the device on the non-dominant wrist 

while the U.K. Biobank33procedures have participants wear the device on the dominant wrist. 

While the wrist has been labelled a preferential attachment site for some study protocols aiming 

to increase wear compliance and monitor 24-hr behaviours, there is no consensus in the field 

about which placement site is best and what the implications are for choosing dominant versus 

non-dominant on individual estimates of PA. The present study chose to create classifiers using 

the left and right wrist terminology, without regard to hand dominance as there were a low 

number of left-hand dominant participants enrolled in the study. The prevalence of left-hand 

dominant individuals in the dataset was 8% which is consistent with the prevalence in the 

general population.34 

Currently, the literature favors wearing the device on the non-dominant wrist so as to 

avoid potential artefact and noise resulting from unilateral dominant limb movements, especially 

in youth.35-37 Conversely, if placed on the dominant wrist, more discrete movements may be 

captured in free-living and potentially more discriminative information would be available for 

those unilateral tasks. Some evidence exists to indicate that the impact of hand dominance on 

device placement has minimal effect across the entire day where a variety of activity behaviours 

take place.38-41 Some differences may exist between wrists for specific tasks, but the relative 

contribution of those tasks to overall PA behaviour across the day is presently unknown. 

Montoye et al.42 created wrist-agnostic machine learning classifiers to estimate EE and trained 

models using data from one wrist and validated the models using data from the other wrist. In 
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doing so, models developed using VM features achieved similar root mean squared errors during 

cross-validation and out-of-sample validation, further indicating wrist placement may not be as 

critical of an issue as it was once considered to be.42  

4.5 Model Recommendation 

If one of the models developed in this study were to be recommended for future use or 

revision, it would be the random forest models based on overall performance being among the 

best for all feature sets coupled with manageable computational cost and efficiency. 

Computational cost and efficiency were not empirically measured in this study, however, 

anecdotally, the computation time was the most competitive outside of the decision trees which 

ran the quickest. While the approach is intuitive, basic decision tree models are inherently 

weaker classifiers compared to the other classifiers used in this study. This is evidenced by the 

generally lower performance for the decision tree models across the board justifying not 

continuing to use that particular classifier moving forward for these data. The lasso models 

performed comparably to the random forest models in some instances and may be useful in 

future investigations for determining feature relevance. The computational cost was somewhat 

high in comparison to the random forest models but not unreasonable. It is possible that the lasso 

models could be used as a pre-classification step to determine feature contribution for a 

particular outcome before modeling with a different more advanced classifier. The neural 

network models also performed comparably to the random forest models, but the increased 

computational cost, the non-transparent black box classification approach, and the lack of 

additional performance gains makes them less likely to be recommended over the random forest 

models. Additionally, one consideration for future research would be to use a meta-ensemble 

approach where classifications from several classifier types are pooled using a weighting or 
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voting procedure to make the final classification. Custom ensemble approaches have been shown 

to achieve higher performance compared to individual ensemble approaches.4,14 

4.6 Strengths 

The present study has a number of strengths including a large sample size of 99 youth. 

This is considerably larger than most similar studies which typically have between 10-30 

participants. Additionally, the study protocol included a large number of activities (n = 16) and 

rather than only classifying activities groups, as is most common with other similar studies, this 

study developed a series of models for both individual activities and activities grouped by 

domain. Most previous studies have used gross movements such as locomotion (e.g. walking, 

jogging, running, stair climbing) and postures (e.g. sitting, standing, lying) as the main class 

labels so the inclusion of more inclusive group labels containing a wider variety of activities is 

an improvement over many previous studies. The activities, while performed in a laboratory 

environment were collected under more naturalistic semi-structured conditions designed to 

simulate free-living behaviour. Participants were allowed to transition more autonomously 

between activities as they would in free-living rather than have to start and stop abruptly as is 

typical of structured laboratory activity protocols where participants are instructed to start and 

stop on the minute or told exactly when to transition between activities. Additionally, 

participants were allowed to choose the order in which they preferred to perform the available 

activities making for more naturalistic engagement in activities and transitions between 

activities. The volume of data available for this study is substantial. There was on average 2.2-

hrs of data per participant. Using data at the 1-s level resulted in a total of nearly 645,000 

seconds of data, which is considerable for training and testing the chosen classifiers. This study 

developed a series of machine learning models allowing for direct comparison of performance 
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between model types for three different feature sets across three different attachment sites. The 

novelty of the study goes back to the investigation of the gyroscope sensor data as an 

independent classifier of PA compared to accelerometer sensor data as an independent classifier 

of PA as has typically been done in other studies in this field as well as comparing the two single 

sensor data approaches to a combined sensor data method to see which is better head-to-head.  

4.7 Limitations 

 While this study does have a number of strengths, it is not without limitations. The 

chosen window size of 1-s could also be a potential limitation when considering performance. 

Classifying PA at the second-by-second level could lead to gross misclassification of certain 

activities because of the short window length. Activities such as walking, and running are 

typically able to be reasonably well classified due to the periodic and cyclical nature of a typical 

gait pattern and the generally continuous nature of the activity. The periodicity of the activity 

may not be adequately captured as the window length may be too short. Conversely, because of 

the short window length broader activities that contain walking or running as part of the activity 

behaviour, such as soccer or basketball, may result in misclassification. For example, those 

sporting activities contain walking and running as part of the activity and at the second-by-

second level, a second of walking or running during basketball may be classified as walking or 

running when the criterion label is actually the larger activity behaviour of basketball. In this 

case, the second of data is technically correctly classified but misclassified by the model due to 

the way the data are labelled. Banos et al.43 show that 1 to 2-s window lengths may provide the 

best tradeoff for both the speed of recognition and accuracy of the activity recognized which may 

be critical for detecting periods of transition between activities. However, they do note that for 

more complex activity behaviours, longer window lengths may be necessary.43 This issue could 
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potentially be overcome by purposefully segmenting the data before making a classification.44,45 

The features used in the present study are not all encompassing and used only as a starting point, 

which could be considered a limitation. Little is known about what features are most valuable for 

working with gyroscope data and choosing the “right” features for the task at hand may require 

further evaluation in future studies as part of the optimization process. Lastly, while the results of 

this study offer plenty of value to the field, one missing component that deserves 

acknowledgement is the exclusion of transition periods from the development process. Including 

transitions in future iterations of the development process should be considered as transitions 

play an integral role in defining PA behaviours in free-living and may be valuable for 

segmenting activities as a pre-classification step.  

4.8 Next Steps and Practical Considerations 

Further refinement of the approaches presented in this study should consider how to 

incorporate unknown and transition data to make models more generalizable in free-living 

application. While this study demonstrates that using accelerometer and gyroscope sensor data 

together generally results in improved classification of PA, the magnitude of this improvement 

needs to be documented in free-living as this is the critical need for the end-user. When 

developing a predictive model to characterize PA it is common to use data from structured 

laboratory or semi-structured simulated free-living activities to create criterion labels for training 

the model.46 To evaluate these models, a within-sample cross-validation is typically performed to 

determine how well the model performs under the same conditions and to gauge how well it 

might generalize to new data.46 For within-sample cross-validations in youth, classification 

accuracies have ranged between 76.8% and 91.7%47-52 using activity counts from a hip-worn 

device. Using raw acceleration, classification accuracies have ranged from 81.3 to 91.0%16,29,53 
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using a hip-worn device and 80.4% to 96.7%14,16,29,31 using a wrist-worn device. At first glance, 

this level of accuracy seems acceptable, however, the true test comes when models are applied to 

out-of-sample data, often either simulated free-living or unstructured free-living data. In general, 

it is classifier performance decreases when applied to out-of-sample and free-living data.53-55 For 

example, Mannini et al.31 showed that for classifiers developed using structured activity data in 

youth, a decrease in classification accuracy from 91.0% to 71.8% and 92.4% to 84.9% was seen 

for hip and wrist classifiers, respectively, when the classifiers were applied to out-of-sample 

data. Ahmadi et al.54 validated hip and wrist classifiers developed by Trost et al.29 in a sample of 

youth under laboratory conditions. Ahmadi et al.54 showed when using out-of-sample data, 

performance decreased by 11-15% for the hip classifiers and 19-21% for the wrist classifiers 

resulting in classification accuracies of 66.4-69.4% for the hip and 59.1-59.3% for the wrist. 

Similar trends exist in adults.1 This decrease in performance is largely due to the structured 

laboratory environments where data used for classifier development are collected. The nuances 

and intricacies of unstructured free-living PA behaviour are complex and challenging to model 

using information from a single device containing a single sensor type.2 One potential answer to 

this issue is to use additional sensor data, such as gyroscope data, to complement the acceleration 

data and more completely characterize PA.  

Another aspect to consider when evaluating the performance of classifier when it is 

translated to free-living application is how the model was originally cross-validated. For the 

within-sample cross-validation process, either a holdout, k-fold, or leave-one-out cross-

validation (LOOCV) is used to gauge generalizability and performance. For example, Dehghani 

et al.55 showed that the method of cross-validation chosen plays a critical role in the resulting 

performance estimates. For example, using k-fold cross-validation with non-overlapping 
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windows can artificially inflate performance results by more than 10% compared to LOOCV. 

This difference is not always transparent and indicates careful consideration should be taken 

when evaluating performance results for both within-sample cross-validations and independent 

out-of-sample validation comparisons.  

While the results of this study indicate that using both accelerometer and gyroscope 

sensor data together improves the characterization of PA, the ability to do this in application is 

currently limited. As mentioned by Hibbing et al.10 and LaMunion et al.56, the current status of 

the GT9X device battery life presents a key limitation to using the GT9X in free-living 

application. Unpublished observations indicate that when the primary accelerometer and the full 

IMU are engaged during initialization average battery life is approximately 24-hrs. This margin 

increases to approximately 46-48-hrs if only the gyroscope sensor is enabled in the IMU. 

Additionally, the volume of data the GT9X collects when the IMU is enabled creates 

significantly more device data per day than using the accelerometer only which could be a 

barrier to the end user and should be considered when planning to collect, store, and work with 

the device data accordingly.10,56   

4.9 Conclusion 

In summary, the results of this study suggest that using accelerometer and gyroscope 

sensor data together improves classification of individual activity classes and activity groups 

compared to using either sensor alone. This is promising for improving the overall 

characterization of PA using wearable sensor data. The next step is to see how well the models 

developed in this study perform in an out-of-sample validation and free-living application to 

quantify how using data from both sensors universally affects PA classification. It should be 

noted that this study is a starting point intended to demonstrate the utility of the gyroscope sensor 
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data both on its own and as a complement to the accelerometer sensor data typically used in this 

field. The focus of this study was not to emphasize classifier optimization and maximize 

performance, but those items should be addressed in subsequent studies to refine the process of 

characterizing PA in youth using wearable device data.  
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The data presented in this chapter are part of a larger study aiming to identify periods of 

transition between bouts of activity in structured laboratory and unstructured free-living 

activities. This chapter is focused on presenting the methods for collecting the unstructured free-

living activity data and includes only procedural information and how the dataset was assembled. 

Section 1: Participants 

Forty-two youth participants between the ages of 6 and 18 years old were recruited from 

the Knoxville, TN, Aiken, SC, Augusta, GA, and Ames, IA areas by word of mouth and flyers 

(Appendix G). Written informed consent (Appendix H) and a health history questionnaire 

(Appendix E) were obtained from a parent or legal guardian of each participant prior to 

enrollment. Each participant provided written informed assent (Appendix I) before study 

participation was initiated. The recruitment strategy aimed to achieve an approximately even 

distribution of biological sex across the age range in four target age groupings: 1) 6-9 years old, 

2) 10-12 years old, 3) 13-15 years old, and 4) 16-18 years old. Participants were excluded if any 

contraindications to exercise were reported by the parent/legal guardian on the health history 

questionnaire including: any musculo-skeletal injuries within the past six months that would 

prevent safe participation in regular physical activity, any metabolic condition or prescription 

medication that may affect metabolism, and any cardio-respiratory conditions, including asthma, 

that may limit regular physical activity participation. All study methods and procedures were 

approved by The University of Tennessee Knoxville Institutional Review Board. 

Section 2: Procedures 

The data presented in this study was collected as part of a larger study aiming to identify 

transitions between activity bouts in a structured laboratory and an unstructured free-living 
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environment. As part of the larger study protocol, participants were asked to complete 30 

minutes of supine rest as a measure of resting metabolic rate (RMR) using a Cosmed K4b2 or 

Cosmed K5 portable indirect calorimeter (Cosmed s.r.l., Rome, Italy). The primary focus of this 

study is solely on physical activity classification and does not include an energy expenditure 

component, however, the wearable device data from the 30 minutes of supine rest during RMR 

was included as “lying” activity data for the subsequent analyses.  

All research visits were conducted in the community, participant’s homes, local parks, 

and approved facilities of community partners. Data was collected across two separate days, 

once in the participant’s homes, and once in an after-school environment.  

i. The first study visit included completion of the informed consent and assent 

process and participant screening before final enrollment. Once enrolled, 

participants had anthropometric measurements taken including: standing and 

sitting height (cm) using a SECA 213 portable stadiometer and body mass (kg) 

and body fat percentage measured using a Tanita BC-418 bioelectrical impedance 

analyzer. Anthropometric measurements were taken with shoes and socks 

removed. Following completion of the anthropometric measurements, the 30-min 

RMR assessment was made before participants engaged in activities of their 

choice. 

ii. For the second study visit, an “after-school program” environment was sought out 

for each participant. The “after-school program” environment was loosely defined 

as after-school programs and the activities participants engage in during the hours 

after-school vary for each individual participant. In many cases, a typical after-

school program was not available as an option for participants. In this case, an 
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effort was made to work with the participant in an environment outside of the 

home to create two distinct environments. Due to some family scheduling 

constraints and weather limitations, this was not always possible, and a second 

home visit was required to serve as the proxy after-school program environment. 

In the event of a second home visit being substituted as the after-school program 

visit, participants were asked to engage in different activities than what they chose 

during their home visit so as to create two distinct environments with different 

activity behaviours.  

For both study visits, participants were not given instructions on what activities to 

perform so long as they met these three general criteria: 1) parental permission to engage in an 

activity was received, 2) the activity did not involve getting wet or in water for the sake of 

protecting the equipment, and 3) the activity did not place the participants or anyone else 

immediately in harm’s way.  

All participants wore an ActiGraph GT9X (GT9X) activity monitor on the left and right 

wrists, and the right hip. The hip monitor was worn on an elastic belt over the right iliac crest 

along the anterior axillary line and secured using a manufacturer specified clip. The wrist-worn 

devices were worn in manufacturer specific watch bands that the devices clipped into. The watch 

bands were positioned proximal to the styloid processes with the devices oriented where the 

LCD display could be read naturally by the participant like a watch screen would be. Participants 

were directly observed for the duration of each study. Video recordings were made of each 

participants activity behaviour that was later coded off-line using the Noldus Observer XT 

software program (Noldus International Technology, Wageningen, Netherlands). Direct 

observation was primarily focused on coding activity behaviours, periods of transition, posture.  
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Section 3: Equipment 

3.1 Wearable Device 

ActiGraph GT9X: The GT9X is a small (3.5 x 3.5 x 1 cm), light weight (14 grams), 

water resistant (1 meter, 30 minutes) research-grade activity monitor with a programmable 

display window that can be worn on the hip, wrist, or ankle. The GT9X contains a primary 

triaxial accelerometer with a dynamic range of ± 8 gravitational units (g’s) and can be initialized 

to collect data at sampling frequencies of 30 - 100 Hz in increments of 10 Hz. The GT9X also 

contains an inertial measurement unit (IMU) that samples at a default 100 Hz. The IMU houses a 

secondary triaxial accelerometer with a dynamic range of ± 16 g’s, a triaxial gyroscope with a 

dynamic range of ± 2000 degrees per second, a magnetometer with a dynamic range of ± 4800 

micro-Tesla, and thermometer that measures the temperature inside the device housing. For the 

present study, GT9X devices were initialized to collect data at 90 Hz (primary accelerometer) 

and with the full IMU enabled (100 Hz) and Idle Sleep Mode disabled.  

3.2 Direct Observation  

Noldus Observer XT: The Noldus Observer XT (version 12.5) is a computer software 

program designed for direct observation. All research visits were video recorded using a Canon 

Vixia HFR700 camcorder and later coded offline using the Noldus Observer XT Direct 

Observation software program for Windows. If participants chose to opt out of being video 

recorded, live coded observations were made using the Noldus Pocket Observer application 

(version 3.2) for Android tablets on a Samsung Galaxy Tab 4 tablet (Samsung, Seoul, South 

Korea).  
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A two-class focal sampling coding scheme was used to first code the activity behaviour 

being performed and then the posture of the participant during the activity behaviour. A list of 

commonly performed activities and behaviours was assembled and is available in Appendix B - 

Table 160. In addition to the list of activity behaviours, labels were created for: 1) the start time 

of the observation period and activity routine (“Start Time”), 2) transitions between activities 

(“Transition”), 3) unknown activities to use when a participant performed an undefined activity 

(“Unknown Activity”), and 4) an off-camera label to use when the participants were not in the 

camera frame (“Off-Camera”). After an activity behaviour was coded, posture was coded as 

lying, sitting, standing, stepping, squatting/kneeling, reclining, mixed posture, or unknown (used 

only when the activity behaviour was “off-camera”). This two-class focal sampling coding 

scheme allowed for non-overlapping activity labels to be assigned by selecting the appropriate 

activity label button and subsequently the corresponding posture in the Noldus Observer XT 

software program. This created a continuous record of activities with time stamps that indicated 

the duration of activities marked by the beginning (e.g. when an activity was marked) and end of 

an activity label (e.g. when a new activity or transition was marked). In the event live-coded 

observations were collected using the Pocket Observer application and then later imported into 

the Noldus Observer XT software program on a Windows computer. To align the direct 

observation data with the ActiGraph GT9X data, a video of the Windows system clock used to 

initialize the GT9X devices was taken at the start and end of each data collection period. This 

allows for sufficient alignment of observation activity labels and GT9X monitor data during pre-

processing. When live-coding was necessary, the observation start time was recorded in the 

Pocket Observer observation.  



   

 172 

Section 4: Dataset Assembly 

There were 42 youth participants enrolled in Study 2 that had at least one day of data 

available for analyses. Thirty-five participants had two days of data available at the time of 

analysis, one participant did not complete a second study visit, and six participants did not have 

their second visit coded and available at the time of analysis. All 42 participants with available 

data were used for analysis, regardless of having one or two days of data. Criterion-labelled 

activity data from the direct observation files were synchronized and merged with the second-by-

second GT9X files so each second of monitor data had a corresponding behaviour label with the 

primary activity behaviour as well as posture. This was done for each of the three attachment 

sites, hip, left wrist, and right wrist making three unique datasets.  

An overview of the analysis plan is shown in Appendix A - Figure 1. Information about 

further data processing and statistical analyses are available in Chapter 6.  
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Chapter 6: Out-of-Sample Validation
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Abstract 

Purpose: The purpose of this study is three-fold: 1) to independently validate previously 

developed machine learning models for classifying PA using out-of-sample unstructured PA 

data, 2) to re-develop previously existing random forest models to incorporate transitions and 

perform a within-sample cross-validation using structured laboratory activity data, and 3) to 

perform an out-of-sample validation on the re-developed random forest models using 

unstructured free-living activity data. Classifiers used three feature sets from the ActiGraph 

GT9X (GT9X): 1) primary accelerometer data only, 2) gyroscope data only, and 3) 

accelerometer + gyroscope data combined. Methods: A sample of 42 youth aged 6-18 years old 

performed activities at their discretion on two separate visits, each approximately 2-hrs in 

duration. Participants wore a GT9X on the right hip, left wrist and right wrist and were directly 

observed for the duration of each visit to create timestamped criterion labels of the activities 

performed. GT9X accelerometer (90 Hz) and gyroscope (100 Hz) data were reduced to 1-s 

averages where 47 statistical features were calculated from the sensor signals. Decision trees, 

lasso logistic regression, random forest, and neural network classifiers were validated for each 

feature set and attachment site. Overall model classification accuracy for each participant was 

aggregated to obtain a single estimate for each classifier for comparison. Results: The combined 

sensor feature set (average classification accuracy: 77.5%; classification accuracy range: 74.2-

81.4%) outperformed the accelerometer only feature set (72.4%; 68.9-73.1%) by an average of 

5.0% and the gyroscope only feature set (76.8%; 71.5-81.5%) by an average of 0.7% across all 

attachment sites and classifier types. For the within-sample cross-validation of the redeveloped 

random forest models including transitions, the combined sensor feature set (72.5-75.1%) 

outperformed the accelerometer only (65.3-70.0%) and gyroscope only (64.7-65.6%) feature sets 
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by an average of 6.1% and 8.4%, respectively. For the out-of-sample validation of the random 

forest models including transitions, classification accuracy decreased for all three feature sets, 

67.5% to 60.3% for the accelerometer only, 65.1% to 64.1% for the gyroscope only, and 73.6% 

to 68.6% for the combined sensor feature sets, respectively. Conclusion: The results of this 

study indicate that using GT9X primary accelerometer and gyroscope data together improves PA 

classification of both semi-structured and free-living activity data compared to using only 

accelerometer data. 



   

 176 

Section 1: Introduction 

 Accelerometer-based physical activity (PA) monitors are frequently used to assess free-

living PA in a variety of populations. The output from these devices is used to characterize 

different components of PA behaviours including energy expenditure (EE), activity intensity, 

and PA type. Historically, the output has been in the form of activity counts, a proprietary unit 

specific to the device manufacturer. Recently, it has become more common to use raw 

acceleration data instead of counts as there is greater flexibility when modeling the data as well 

as improved compatibility and comparability between device brands and study outcomes1,2. Both 

counts and raw acceleration have been used to characterize the aforementioned components of 

PA behaviour. Regardless of the data format or statistical technique used to develop the model, 

the classifiers are specific to: 1) the activities used, 2) the sample population, 3) the setting and 

conditions in which the activities were performed, and 4) the brand of device used to collect the 

data (for proprietary metrics such as ActiGraph counts).3,4  

The current convention for classifier development typically uses data from a battery of 

structured laboratory activities or semi-structured simulated free-living activities.4 The goal with 

this development structure is to assemble a dataset and create a predictive model that achieves 

high performance during training and within-sample cross-validation but also generalizes well to 

new data when applied in free-living situations. Capturing the diversity and variability in human 

movement can make this balance difficult to achieve due to the typically limited number of 

activities, homogenous sample populations, and structured nature of the development protocols.5 

In the field of PA assessment, it has been routine to report within-sample cross-validation 

performance results while independent out-of-sample validations including unstructured free-

living data have been relatively infrequent. This is largely due to a couple of factors: 1) the time 
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and cost associated with collecting the data, both a major limitation, and 2) a lack of 

standardization between study protocols, including the device and device parameters used to 

collect the data. In the limited data available, a distinct trend exists where classifier performance 

decreases considerably when classifiers developed using structured or semi-structured 

laboratory-based activities are validated using out-of-sample or unstructured free-living data.6-10 

The magnitude of the decrease in performance varies but in some studies have been by greater 

than 20.0%.6   

Tong et al.11 recently questioned just how well classifiers could perform given the current 

conventions of collecting movement data using accelerometer-based devices and using only 

acceleration data for activity recognition. There are obvious limitations to using inertial sensor 

data to model human movement, however, there are still possible avenues to improve overall 

classifier performance, including model generalizability in free-living application. One such 

possibility is to use additional sensor data, such as gyroscope data, in combination with 

acceleration data. The rotational data captured by the gyroscope should complement the linear 

movement captured by the accelerometer. Studies have shown previously that using 

accelerometer and gyroscope data together improves the classification of PA compared to using 

data from either sensor individually (unpublished data; Chapter 4).12-17 Shoaib et al.16 have 

shown that the accelerometer is better for some activities and the gyroscope for others but this is 

dependent on the attachment site of the sensor and the type of activity being performed. For 

example, Ferrari et al.12 showed that classification accuracy is approximately 10.0% higher on 

average when classifiers are developed using both accelerometer and gyroscope sensor features 

compared to using data from either single sensor independently. These data were collected in 

adults using smartphones with limited sample sizes and a small number of activities as is 
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common with most studies in this area to date. LaMunion et al. (Chapter 4) recently developed 

several machine learning classifiers (decision tree, lasso logistic regression, random forest, and 

neural networks) using ActiGraph GT9X (GT9X) 1) primary accelerometer data only, gyroscope 

data only, and 3) primary accelerometer + gyroscope data together (combined sensor) to classify 

PA type in youth. The results of the study indicated that for semi-structured simulated free-living 

activities, a combined sensor approach achieves the highest performance regardless of the 

classifier type and attachment site for classifying individual activities or activities grouped by 

domain which supports the findings in previous adult studies using smartphone data.12-17 It is, 

however, unknown if this trend in higher performance exists when translating the combined 

sensor models from semi-structured laboratory-based activities to out-of-sample data and 

unstructured free-living activities. Additionally, the originally developed LaMunion et al. 

(Chapter 4) classifiers did not include an unknown or other category to categorize data from new 

activity classes or from periods of transition. After surveying the landscape of the literature and 

assessing the needs of the field of PA assessment, it was determined that future iterations of 

classifier development should account for unseen data points not belonging to a pre-defined 

activity class. The inclusion of an unknown/other/transition activity class should be included in 

development to allow for complete assessment of out-of-sample data without excluding data 

points.  

Thus, the purpose of this study is three-fold: 1) to independently validate previously 

developed machine learning models for classifying PA using out-of-sample unstructured free-

living youth activity data, 2) to re-develop previously existing random forest models to 

incorporate transitions and perform a within-sample cross-validation using structured laboratory 



   

 179 

activity youth data, and 3) to perform an out-of-sample validation on the re-developed random 

forest models using unstructured free-living youth activity data.  

Section 2: Methods 

2.1 Participants 

A sample of 42 youth participants between the ages of 6 and 18 years old were recruited 

from the Knoxville, TN, Aiken, SC, Augusta, GA, and Ames, IA area by word of mouth and 

flyers. Written informed consent and a health history questionnaire were obtained from a parent 

or legal guardian of each participant and written informed assent was provided by each 

participant prior to enrollment in the study. The recruitment strategy aimed to achieve an 

approximately even distribution of biological sex across the age range in four target age 

groupings: 1) 6-9 years old, 2) 10-12 years old, 3) 13-15 years old, and 4) 16-18 years old. 

Participants were excluded if any contraindications to exercise were reported by the parent/legal 

guardian on the health history questionnaire including: any musculo-skeletal injuries within the 

past six months that would prevent safe participation in regular physical activity, any metabolic 

condition or prescription medication that may affect metabolism, and any cardio-respiratory 

conditions, including asthma, that may limit regular physical activity participation. All study 

methods and procedures were approved by The University of Tennessee Knoxville Institutional 

Review Board. 

The data presented in this study was collected as part of a larger study aiming to identify 

transitions between activity bouts in a structured laboratory and an unstructured free-living 

environment. As part of the larger study protocol, participants were asked to complete 30 

minutes of supine rest as a measure of resting metabolic rate (RMR) using a Cosmed K4b2 or 
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Cosmed K5 portable indirect calorimeter (Cosmed s.r.l., Rome, Italy). The primary focus of this 

study is solely on physical activity classification and does not include an energy expenditure 

component, however, the wearable device data from the 30 minutes of supine rest during RMR 

was included as “lying” activity data for the subsequent analyses.  

2.2 Procedures 

All research visits were conducted in the community, participant’s homes, local parks, 

and approved facilities of community partners. Data was collected across two visits on two 

separate days, once in the participant’s homes, and once in an after-school environment.  

i. Study Visit 1 

The first study visit included completion of the informed consent and 

assent process and participant screening before final enrollment. Once enrolled, 

participants had anthropometric measurements taken including: standing and 

sitting height (cm) using a SECA 213 portable stadiometer and body mass (kg) 

and body fat percentage measured using a Tanita BC-418 bioelectrical impedance 

analyzer. Anthropometric measurements were taken with shoes and socks 

removed. Following completion of the anthropometric measurements, the 30-min 

RMR assessment was made before participants engaged in activities of their 

choice. 

ii. Study Visit 2 

For the second study visit, an “after-school program” environment was 

sought out for each participant. The “after-school program” environment was 

loosely defined as after-school programs and the activities participants engage in 

during the hours after-school can be vastly different for each individual 
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participant. In many cases, a typical after-school program was not available as an 

option for participants. In this case, an effort was made to work with the 

participant in an environment outside of the home to create two distinct 

environments. Due to some family scheduling constraints and weather limitations, 

this was not always possible, and a second home visit was required to serve as the 

proxy after-school program environment. In the event of a second home visit 

being substituted as the after-school program visit, participants were asked to 

engage in different activities than what they chose during their home visit so as to 

create two distinct environments with different activity behaviours.  

For both study visits, participants were not given instructions on what activities to 

perform so long as they met these three general criteria: 1) parental permission to engage in an 

activity was received, 2) the activity did not involve getting wet or in water for the sake of 

protecting the equipment, and 3) the activity did not place the participants or anyone else 

immediately in harm’s way.  

All participants wore an ActiGraph GT9X (GT9X) activity monitor on the left and right 

wrists, and the right hip. The hip monitor was worn on an elastic belt over the right iliac crest 

along the anterior axillary line and secured using a manufacturer specified clip. The wrist-worn 

devices were worn in manufacturer specific watch bands that the devices clipped into. The watch 

bands were positioned proximal to the styloid processes with the devices oriented where the 

LCD display could be read naturally by the participant like a watch screen would be. Participants 

were directly observed for the duration of each study. Video recordings were made of each 

participants activity behaviour that was later coded off-line using the Noldus Observer XT 

software program (Noldus International Technology, Wageningen, Netherlands). If participants 
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chose to opt out of being video recorded, live coded observations were made using the Noldus 

Pocket Observer application (version 3.2) for Android tablets. Direct observation was primarily 

focused on coding activity behaviours, periods of transition, posture.  

2.3 Data Acquisition 

2.3.1 Wearable Device 

ActiGraph GT9X: The GT9X is a small (3.5 x 3.5 x 1 cm), light weight (14 grams), 

water resistant (1 meter, 30 minutes) research-grade activity monitor with a programmable 

display window that can be worn on the hip, wrist, or ankle. The GT9X contains a primary 

triaxial accelerometer with a dynamic range of ± 8 gravitational units (g’s) and can be initialized 

to collect data at sampling frequencies of 30 - 100 Hz in increments of 10 Hz. The GT9X also 

contains an inertial measurement unit (IMU) that samples at a default 100 Hz. The IMU houses a 

secondary triaxial accelerometer with a dynamic range of ± 16 g’s, a triaxial gyroscope with a 

dynamic range of ± 2000 degrees per second, a magnetometer with a dynamic range of ± 4800 

micro-Tesla, and thermometer that measures the temperature inside the device housing. For the 

present study, GT9X devices were initialized to collect data at 90 Hz (primary accelerometer) 

and with the full IMU enabled (100 Hz) and Idle Sleep Mode disabled.   

2.3.2 Direct Observation  

Noldus Observer XT: The Noldus Observer XT (version 12.5) is a computer software 

program designed for direct observation. All research visits were video recorded using a Canon 

Vixia HFR700 camcorder and later coded offline using the Noldus Observer XT Direct 

Observation software program for Windows. If participants chose to opt out of being video 

recorded, live coded observations were made using the Noldus Pocket Observer application 
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(version 3.2) for Android tablets on a Samsung Galaxy Tab 4 tablet (Samsung, Seoul, South 

Korea).  

A two-class focal sampling coding scheme was used to first code the activity behaviour 

being performed and then the posture of the participant during the activity behaviour. A list of 

commonly performed activities and behaviours was assembled and is available in Appendix B – 

Table 160. In addition to the list of activity behaviours, labels were created for: the start time of 

the observation period and activity routine (“Start Time”), transitions between activities 

(“Transition”), unknown activities to use when a participant performed an undefined activity 

(“Unknown Activity”), and an off-camera label to use when the participants were not in the 

camera frame (“Off-Camera”). After an activity behaviour was coded, posture was coded as 

lying, sitting, standing, stepping, squatting/kneeling, reclining, mixed posture, or unknown (used 

only when the activity behaviour was “unknown”). This two-class focal sampling coding scheme 

allowed for non-overlapping activity labels to be assigned by selecting the appropriate activity 

label button and subsequently the corresponding posture in the Noldus Observer XT software 

program. This created a continuous record of activities with time stamps that indicated the 

duration of activities marked by the beginning (e.g. when an activity was marked) and end of an 

activity label (e.g. when a new activity or transition was marked). In the event live-coded 

observations were collected using the Pocket Observer application and then later imported into 

the Noldus Observer XT software program on a Windows computer. To align the direct 

observation data with the ActiGraph GT9X data, a video of the Windows system clock used to 

initialize the GT9X devices was taken at the start and end of each data collection period. This 

allows for sufficient alignment of observation activity labels and GT9X monitor data during pre-
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processing. When live-coding was necessary, the observation start time was recorded in the 

Pocket Observer observation.  

2.4 Wearable Device Data 

2.4.1 Data Pre-processing and Reduction 

All data handling was conducted in R18 statistical software. An overview of the data 

analysis plan is available in Appendix A – Figure 1. A vector magnitude was calculated from the 

raw GT9X sensor data collected at 90 Hz for the primary accelerometer !"# =

%&_())! +	,_())! +	-_())!. and 100 Hz for the IMU gyroscope /0"# =

%&_1234! +	,_1234! +	-_1234!5. Prior to calculation of GVM, the individual gyroscope 

axes were low-pass filtered at 35 Hz using a second order Butterworth filter. The individual 

sensor axes, VM, and GVM were then collapsed to 1-s averages.  

2.4.2 Features 

The following 47 time and frequency domain sensor features were engineered from the 1-

s individual axes and VM and GVM sensor data (25 accelerometer features, 22 gyroscope 

features). All features were calculated in rolling 10-s windows for accelerometer and gyroscope 

sensor data unless otherwise noted: 1) individual X-, Y-, and Z- axis inclination angles with 

respect to the vertical axis (accelerometer only), 2) Minimum VM and GVM value, 3) Maximum 

VM and GVM value, 4) Mean VM and GVM value, 5) Standard deviation of VM and GVM, 6) 

Coefficient of variation (CV) of VM and GVM, 7) Variance of VM and GVM.  
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Once all features were engineered, the 1-s windows of sensor data were aggregated with 

labels from the direct observation files for each participant and each monitor attachment site 

(hip, left wrist, and right wrist) so each 1-s window has a label for activity group and posture. 

2.4.3 Feature Sets 

For each attachment site dataset (hip, left wrist, and right wrist), three feature sets were 

created as follows comprised of the engineered features outlined above: 1) Accelerometer sensor 

features only (n = 9 features), 2) Gyroscope sensor features only (n =  6 features), and 3) 

Accelerometer + Gyroscope sensor features combined (n = 15 sensor features). In addition to the 

sensor features, continuous numerical age (y) and leg length (cm) were used from the 

demographic dataset making 17 total available features. Most studies in adults indicate that 

biological variables do not contribute much to the characterization of PA, however, this may be 

different in youth. However, with the broad age range of the sample population in mind, the 

decision was made to include leg length and age as features. There are notable differences in 

how some activities may be performed based on participant age as motor coordination will vary 

across a broad age range. Additionally, leg length was included to aid in predicting locomotion 

since youth with different leg lengths will walk and run with different step frequencies 

corresponding to their leg length so this could impact the classification of ambulatory activities.  

2.5 Statistical Analysis 

Statistical analyses were performed in R statistical software18. The analyses are split by 

outcome to correspond with the purposes as follows: Part I) perform an out-of-sample free-

living validation of the six-class machine learning classifiers previously developed by LaMunion 

et al. (Chapter 4) using free-living data from 42 youth participants, Part II) re-develop the six-

class LaMunion et al. random forest classifiers to include a seventh activity group for transition 



   

 186 

data and conduct a within-sample cross-validation using semi-structured simulated free-living 

data from 99 youth participants, and Part III) to perform an out-of-sample free-living validation 

of the seven-class random forest classifiers developed in Part II using free-living data from 42 

youth participants.  

i. Part I: Out-of-Sample Validation of LaMunion et al. Activity Group Models 

LaMunion et al. (Chapter 4) previously developed four machine learning 

classifiers (decision tree, lasso logistic regression, random forest, and neural 

network) for classifying individual activities (n = 14) and activity groups (n = 6). 

The activity group classifiers are more common in the field as they contain 

individual activities but are categorized more broadly and are more generalizable 

when applied to new free-living data. In the original LaMunion et al. (Chapter 4) 

study, classification accuracy for the activity group classification task was far 

superior to the classification accuracy for the individual activity classes (78.4% 

versus 54.6%) across all classifier types, feature sets, and attachment sites. Thus, 

for the purposes of the present study, only the original six-class activity group 

classifiers will be evaluated using out-of-sample unstructured free-living data. 

The six activity groups include the following classes: 1) household chores, 2) 

seated and lying activities, 3) continuous walking and running, 4) sports, 5) 

recreation and leisure-time activity, and 6) wheeled activities. The original 

classifiers were developed using semi-structured simulated free-living activity 

data from 99 youth participants. The purpose of Part 1 of the present study is to 

validate the original classifiers using the out-of-sample free-living PA dataset 

from 42 youth participants. Participants in the free-living dataset performed a total 
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of 44 different PA behaviours which were collapsed into the original six activity 

groups as outlined in Appendix B – Table 161. The “Transition”, “Unknown 

Activity” and “Off-camera” labelled data points were excluded from this analysis. 

Classification accuracy for classifying activity groups was calculated for each 

individual participant visit and then aggregated to obtain an overall classification 

accuracy for each model type, attachment site, and feature set. 

ii. Part II: Within-Sample and Cross-Validation of Random Forest Models with 

Transitions 

The LaMunion et al. six class random forest models from Chapter 4 

originally excluded transition data points. The purpose of Part II of the analyses in 

the present study was to re-develop the random forest classifiers to include a 

seventh activity group as follows 1) household chores, 2) seated and lying 

activities, 3) continuous walking and running, 4) sports, 5) recreation and leisure-

time activities, 6) wheeled activities, and 7) transitions. A breakdown of how the 

data points were distributed between activity groups is outlined in Appendix B – 

Table 2. An overall classification accuracy measure was reported for each model 

type as a general indicator of which feature set results in the highest classification 

accuracy for each attachment site. The following summary statistics and 

individual class performance metrics were calculated for each attachment site, and 

feature set: 1) sensitivity, 2) specificity, 3) prevalence, 4) positive predictive 

value, 5) negative predictive value, 6) precision, 7) recall, 8) F1 Score, and 9) 

balanced accuracy. 

iii. Part III: Free-living Validation of Random Forest Models with Transitions 
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The re-developed seven-class random forest models from Part II were 

validated using free-living PA data from 42 youth participants including 

transitions. The 44-individual free-living PA behaviour labels were collapsed into 

one of the following seven categories: 1) household chores, 2) seated and lying 

activities, 3) continuous walking and running, 4) sports, 5) recreation and leisure 

time activity, 6) wheeled activity, and 7) transition as outlined in Appendix B – 

Table 161. All data points labelled as “transition” data points were collapsed into 

the new “transition” category. Data points labelled as “unknown” and “off-

camera” were excluded from analyses due to now criterion label assigned to those 

seconds of data. Classification accuracy was calculated for each individual 

participant visit and then aggregated to obtain an overall classification accuracy 

for each attachment site and feature set. 

Sections 3: Results 

Participant demographics are shown in Appendix B – Table 162.  

3.1 Out-of-Sample Validation of LaMunion et al. (Chapter 4) Six-class Activity Group Models 

3.1.1 Hip Results 

Appendix A – Figure 4A shows that when the six class activity group models were 

applied to the out-of-sample free-living dataset, the combined sensor models (76.6-81.4%) 

outperformed the accelerometer only (68.9-73.5%) and gyroscope only (77.8-81.5%) models by 

an average of 8.7% and 0.2%, respectively. The highest overall classifier was the gyroscope only 

lasso model (81.5%) and the worst performing classifier was the accelerometer only decision tree 

(68.9%). 
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3.1.2 Left Wrist Results 

Appendix A – Figure 4B shows that when the six class activity group models were 

applied to the out-of-sample free-living dataset, the combined sensor models (74.5-79.1%) 

outperformed the accelerometer only (69.4-76.9%) and gyroscope only (72.2-79.0%) models by 

an average of 3.6% and 1.8%, respectively. The highest overall classifier was the combined 

sensor random forest model (79.1%) and the worst performing classifier was the accelerometer 

only decision tree (69.4%).  

3.1.3 Right Wrist Results 

Appendix A – Figure 4C shows that when the six class activity group models were 

applied to the out-of-sample free-living dataset, the combined sensor models (76.6-81.4%) 

outperformed the accelerometer only (68.9-73.5%) and gyroscope only (77.8-81.5%) models by 

an average of 8.7% and 0.2%, respectively. The highest overall classifier was the combined 

sensor lasso model (79.1%) and the worst performing classifier was the accelerometer only 

decision tree (69.3%).  

3.2 Within-Sample Cross-Validation of Random Forest Models with Transitions 

3.2.1 Hip Results 

Appendix A – Figure 5A shows the combined sensor feature set model (72.5%) achieved 

higher overall classification accuracy than either model using the individual sensor feature sets 

by 7.2% (accelerometer only) and 7.8% (gyroscope only). Models using the accelerometer only 

(65.3%) and gyroscope only (64.7%) individual sensor feature sets achieved similar overall 

classification and differed by 0.6% in favor of the accelerometer only feature set models.  
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Appendix B - Table 163 summarizes the percentage of cases correctly classified for each 

feature set and model type by activity group. The combined sensor model had consistently the 

highest number of correctly classified cases. Across all seven activity classes, the combined 

sensor model correctly classified 12.3% and 11.9% more cases on average than the 

accelerometer only and gyroscope only models, respectively. Across all three feature sets 

classification of seated and lying activity was excellent with the combined sensor model 

classifying the most cases correctly (95.4%) followed by the gyroscope only model (93.3%) and 

accelerometer only model (92.4%). The gyroscope only model (32.3%) classified the wheels 

activity class better than the accelerometer only model (10.3%). Conversely, the accelerometer 

only model (48.1%) classified recreation and leisure-time activity better than the gyroscope only 

model (22.2%). For all other activity classes (continuous walking and running, household chores, 

sports, and transitions), accelerometer only and gyroscope only model performance was within 

8.2% of one another.   

Appendix B – Table 164 shows performance metrics for each feature set. For all eight 

performance metrics (sensitivity, specificity, positive and negative predictive value, precision, 

recall, F1, and balanced accuracy), the combined sensor model outperformed the single sensor 

models. Precision was on average 13.3% higher for the combined sensor model (65.0%) 

compared to the accelerometer only (51.4%) and gyroscope only models (51.9%). Recall was on 

average 12.1% higher for the combined sensor model (60.9%) compared to the accelerometer 

only (48.6%) and gyroscope only models (49.0%). Similarly, since F1 is the harmonic mean of 

precision and recall, the same trend exists for F1 where the combined sensor model (62.4%) was 

on average 12.8% higher compared to the accelerometer only (49.3%) and gyroscope only 

models (50.0%).  
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For training classification accuracy using k-fold cross-validation, classifier accuracies 

ranged from 87.1% to 91.5% across all four classifier types with standard deviations ranging 

from 0.0004 to 0.0011. For the hip activity group classifiers including transitions, the difference 

in classifier training accuracies between feature sets was greater than the maximum classifier 

training accuracy standard deviations indicating that the training classification accuracies were 

statistically different.  

3.2.2 Left Wrist Results 

Appendix A – Figure 5A shows the combined sensor feature set model (73.2%) achieved 

higher overall classification accuracy than either model using the individual sensor feature sets 

by 5.8% (accelerometer only) and 8.0% (gyroscope only). Models using the accelerometer only 

(67.3%) and gyroscope only (65.2%) individual sensor feature sets achieved similar overall 

classification and differed by 2.1% in favor of the accelerometer only feature set models.  

Appendix B - Table 165 summarizes the percentage of cases correctly classified for each 

feature set and model type by activity group. The combined sensor model had consistently the 

highest number of correctly classified cases, with the exception of the sports activity class, where 

the accelerometer only model was superior (72.1% versus 72.0%), but only marginally so. 

Across all seven activity classes, the combined sensor model correctly classified 11.7% and 

12.3% more cases on average than the accelerometer only and gyroscope only models, 

respectively. Across all three feature sets classification of seated and lying activity was excellent 

with the combined sensor model classifying the most cases correctly (94.4%) followed by the 

accelerometer only model (91.7%) and gyroscope only model (91.6%). The gyroscope only 

model (47.5%) classified the wheels activity class better than the accelerometer only model 

(15.6%). Conversely, the accelerometer only model (72.1%) classified recreation and leisure-
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time activity better than the gyroscope only model (56.5%). For all other activity classes 

(continuous walking and running, household chores, and transitions), accelerometer only and 

gyroscope only model performance was within 7.7% of one another.   

Appendix B – Table 166 shows performance metrics for each feature set. For all eight 

performance metrics (sensitivity, specificity, positive and negative predictive value, precision, 

recall, F1, and balanced accuracy), the combined sensor model outperformed the single sensor 

models. Precision was on average 11.1% higher for the combined sensor model (68.0%) 

compared to the accelerometer only (58.3%) and gyroscope only models (55.6%). Recall was on 

average 12.0% higher for the combined sensor model (63.2%) compared to the accelerometer 

only (51.4%) and gyroscope only models (50.9%). Similarly, the same trend exists for F1 where 

the combined sensor model (64.9%) was on average 12.4% higher compared to the 

accelerometer only (52.7%) and gyroscope only models (52.4%).  

For training classification accuracy using k-fold cross-validation, classifier accuracies 

ranged from 86.4% to 89.2% across all four classifier types with standard deviations ranging 

from 0.0001 to 0.0010. For the left wrist activity group classifiers including transitions, the 

difference in classifier training accuracies between feature sets was greater than the maximum 

classifier training accuracy standard deviations indicating that the training classification 

accuracies were statistically different.  

3.2.3 Right Wrist Results 

Appendix A – Figure 5A shows the combined sensor feature set model (75.1%) achieved 

higher overall classification accuracy than either model using the individual sensor feature sets 

by 5.1% (accelerometer only) and 9.5% (gyroscope only). Models using the accelerometer only 
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(70.0%) and gyroscope only (65.6%) individual sensor feature sets achieved similar overall 

classification and differed by 4.4% in favor of the accelerometer only feature set models.  

Appendix B - Table 167 summarizes the percentage of cases correctly classified for each 

feature set and model type by activity group. The combined sensor model had consistently the 

highest number of correctly classified cases. Across all seven activity classes, the combined 

sensor model correctly classified 10.0% and 13.0% more cases on average than the 

accelerometer only and gyroscope only models, respectively. Across all three feature sets 

classification of seated and lying activity was excellent with the combined sensor model 

classifying the most cases correctly (95.2%) followed by the accelerometer only model (92.9%) 

and gyroscope only model (91.3%). The gyroscope only model (52.1%) classified the wheels 

activity class better than the accelerometer only model (27.7%). Conversely, the accelerometer 

only model (37.0%) classified recreation and leisure-time activity better than the gyroscope only 

model (24.6%). For all other activity classes (continuous walking and running, household chores, 

and transitions), accelerometer only and gyroscope only model performance was within 10.0% of 

one another.  

Appendix B – Table 168 shows performance metrics for each feature set. For all eight 

performance metrics (sensitivity, specificity, positive and negative predictive value, precision, 

recall, F1, and balanced accuracy), the combined sensor model outperformed the single sensor 

models. Precision was on average 11.3% higher for the combined sensor model (69.3%) 

compared to the accelerometer only (60.6%) and gyroscope only models (55.6%). Recall was on 

average 12.0% higher for the combined sensor model (63.2%) compared to the accelerometer 

only (51.4%) and gyroscope only models (50.9%). Similarly, the same trend exists for F1 where 
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the combined sensor model (64.9%) was on average 12.4% higher compared to the 

accelerometer only (52.7%) and gyroscope only models (52.4%).  

For training classification accuracy using k-fold cross-validation, classifier accuracies 

ranged from 86.1% to 89.1% across all four classifier types with standard deviations ranging 

from 0.0006 to 0.0015. For the right wrist activity group classifiers including transitions, the 

difference in classifier training accuracies between feature sets was greater than the maximum 

classifier training accuracy standard deviations indicating that the training classification 

accuracies were statistically different.  

For additional detail about the individual model confusion matrices and model 

performance summaries, please see Appendix B – Tables 169-174 for hip, Appendix B – Tables 

175-180 for left wrist, and Appendix B – Tables 181-186 for right wrist results.  

3.3 Out-of-Sample Validation of Random Forest Models with Transitions 

Appendix A- Figure 5B shows that overall, the best classification accuracy was achieved 

using the combined sensor left wrist classifier. Across all three attachment sites, the 

accelerometer only models averaged 60.3%. In contrast, the gyroscope only and combine sensor 

models averaged 64.1% and 68.6% classification accuracy across all three attachment sites, 

respectively. For the hip, the gyroscope only feature set (68.6%) outperformed the accelerometer 

only feature set (57.1%) and combined sensor feature set (68.4%) by 11.5% and 0.2%, 

respectively. For the left wrist, the combined sensor feature set (70.2%) outperformed the 

accelerometer only feature set (62.1%) and gyroscope only feature set (62.6%) by 8.1% and 

7.6%, respectively. For the right wrist, the combined sensor feature set (67.2%) outperformed the 

accelerometer only feature set (61.7%) and gyroscope only feature set (60.9%) by 5.5% and 

6.3%, respectively.  
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Section 4: Discussion 

4.1 Summary 

The results of this study indicate that classification accuracy is generally maintained for 

models developed using gyroscope sensor data across all attachment sites. Conversely, the 

accelerometer only models see a decrease in classification accuracy across all attachment sites 

and classifier types in out-of-sample conditions. This is consistent with the literature in youth 

and adults for predictive models developed using only accelerometer sensor data.6-10 The 

combined sensor feature set follows the same trend as the accelerometer only models, however, 

the combined sensor feature sets were superior to either single sensor feature set in free-living 

conditions.  

4.2 Performance Overview 

4.2.1 Within-Sample Validation versus Out-of-Sample Validation Performance Differences for 

the LaMunion et al. (Chapter 4 – Study 1) Six-Class Models 

A major point of interest in this study is how the gyroscope and combined sensor 

classifiers developed using semi-structured simulated free-living data perform when applied to 

out-of-sample unstructured free-living data. LaMunion et al. (Chapter 4) found in a previous 

study that within-sample cross-validation performance using only accelerometer sensor data, 

classification accuracies ranged from 71.8% to 80.9% were achieved for hip, left wrist, and right 

wrist classifiers, respectively, across six activity classes. Similarly, classification accuracies 

ranged from 72.3% to 80.0% using only gyroscope sensor data and 77.7% to 85.1% for 

accelerometer and gyroscope data combined. When these classifiers were applied to out-of-

sample unstructured free-living data in the present study classification accuracies ranged from 
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68.9% to 76.9% for the accelerometer only feature set, 71.5.9% to 81.5% for the gyroscope only 

feature set, and 74.2% to 81.4% for the combined sensor feature set. This resulted no change for 

the gyroscope only feature set and decreases in average classification accuracy of 4.0% for the 

accelerometer only feature set (76.7% to 72.7%) and 4.0% for the combined sensor feature set 

(82.0% to 78.0%) across all three attachment sites. This decrease in performance for the 

accelerometer only feature set is in line with what other studies have shown. This is generally 

consistent with the limited literature in this area. For example, Trost et al.19 originally developed 

five class hip and wrist classifiers using youth data from structured activities. Ahmadi et al.6 

recently performed an out-of-sample validation of the original Trost et al.19 classifiers and 

showed that performance decreased by 11-15% for the hip classifiers and 19-21% for the wrist 

classifiers resulting in final classification accuracies of 66.4-69.4% for the hip and 59.1-59.3% 

for the wrist. Similarly, Mannini et al.7 showed that for classifiers developed using structured 

activity data in youth, a decrease in classification accuracy from 91.0% to 71.8% (difference of 

19.2%) and 92.4% to 84.9% (difference of 7.5%) was seen for hip and wrist classifiers, 

respectively, when the classifiers were tested on out-of-sample data.  

The maintenance in performance for the gyroscope only feature set is favorable as there 

was very little change in performance when averaging across all four classifier types and 

attachment sites and in some cases the classifier performance improved from within-sample to 

out-of-sample for the gyroscope only feature set. The performance decrease observed for the 

combined sensor feature set is being driven by the accelerometer sensor data. However, it should 

be noted that while a 4.0% decrease in average classification accuracy was observed for the 

acceleration only and combined sensor feature sets, the final out-of-sample classification 

accuracies for the combined sensor feature set were on average 1.4% higher than the gyroscope 
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only feature set indicating that a combined sensor approach is best in both within-sample and 

out-of-sample situations. One potential avenue to overcome this issue with the accelerometer is 

to use a different development strategy. For example, Ermes et al.20 suggest that using a mix of 

structured, semi-structured, and unstructured data for classifier development may improve 

classifier generalizability. This may be especially beneficial for the accelerometer only approach 

as performance is comparable to or better than the gyroscope only approach in within-sample 

cross-validations using structured or semi-structured data. The deterioration in classifier 

performance only occurs when the classifiers are applied to out-of-sample data and unstructured 

free-living data.  

4.2.2 Within-Sample Validation versus Out-of-Sample Validation Performance Differences for 

the Seven-Class Random Forest Models including Transitions 

 Another key component of this study was the re-development of the six-class random 

forest models to include a seventh class to incorporate transitions and unknown data points. This 

allows for a true free-living validation of the classifier where no data are cleaned from the 

activity periods that were observed which is not commonly done due to the difficulty (cost and 

time) to obtain criterion activity labels in free-living. The within-sample cross-validation 

performance for the re-developed random forest classifiers ranged from 65.3% to 70.0% for the 

accelerometer only feature set, 64.7% to 65.6% for the gyroscope only feature set, and 72.5% to 

75.1% for the combined sensor feature set. In contrast, the out-of-sample validation performance 

for the re-developed random forest classifiers ranged from 57.1% to 62.1% for the accelerometer 

only feature set, 60.9% to 68.6% for the gyroscope only feature set, and 67.2% to 70.2% for the 

combined sensor feature set. Classification accuracy decreased on average, 7.2% for the 
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accelerometer only feature set, 1.1% for the gyroscope only feature set, and 4.9% for the 

combined sensor feature set.  

 The impact of including transitions in the development and validation process drove 

down classifier performance across all attachment sites and feature sets (see Appendix A - Figure 

6). This is not unsurprising given how ambiguous the transition class is. On average, across all 

attachment sites and feature sets, classification accuracy decreased by 4.4% when transitions 

were added as a seventh activity group for the random forest classifiers. To better understand the 

implications and impact of adding the transition class a side-by-side comparison of the six-class 

random forest results and the seven-class random forest results is necessary. For the original six 

activity groups, chores, continuous walking and running, recreation and leisure-time activities, 

seated and lying activities, sports, and wheeled activities, the number of correctly classified cases 

decreased in each activity group across all attachment sites when transitions were added as a 

seventh group. The magnitude of decrease was relatively small (< 10.0%) for all groups except 

household chores where the number of correctly classified cases decreased on average 29.9% 

across all attachment sites when the transition group was added. This indicates that cases from 

each group are being misclassified as transitions, but the household chores group may be the 

most susceptible to this misclassification as indicated by the sharp decrease in number of cases 

correctly classified.  

4.3 Contribution and Recommendation 

While true that the gyroscope only models minimize performance loss when translating 

from laboratory-based activity to free-living activity, it may not be feasible long term to 

recommend use of gyroscope only models. Several previous studies have shown that using 

accelerometer and gyroscope data together generally results in an improvement in predictive 
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performance compared to using data from either single sensor on its own and the results of this 

study indicate that superior performance can be achieved in both within-sample and out-of-

sample conditions using data from both sensors as opposed to using data from either single 

sensor individually.12-17 The field of PA assessment has been using accelerometer sensor data to 

model PA for more than two decades and while it has its limitations, accelerometer sensor data 

should not be left out of classifier development and optimization moving forward.  

While this study does improve the general knowledge base about PA classification in 

youth, one larger point of interest for overall PA characterization is about better capturing the 

individual variability in PA behaviours. One reason classifier error is high at the individual level 

is there are a multitude of factors that contribute to an individual’s PA behaviour making it 

difficult to use a single general classifier to robustly characterize individual PA behaviours using 

information from a single sensor type at a single attachment site. As previously mentioned, one 

potential way to improve both the overall model performance while simultaneously minimizing 

performance loss and improving generalizability in application is to use a mixed set of data for 

development. Ermes et al.20 recommends using a mix of structured laboratory activities and free-

living activities to develop more generalizable classifiers. When using both structured and 

unstructured data for training and cross-validation, a classification accuracy of 89.0% was 

achieved. When using only structured data for training and cross-validation a classification 

accuracy of 90.0% was achieved. These results indicate that it is feasible to use both structured 

and unstructured data to develop a classifier that performs similarly in cross-validation but 

should generalize to new data better since more diverse activities and information are modeled 

during development with the inclusion of the unstructured data.  
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Another possible avenue to maintain the general course of classifier development using 

inertial sensor data is to add a personalization component.21 Currently, model performance from 

within-sample cross-validation is reasonably high at the group level as suggested by Mannini et 

al.22 who developed a support vector machine classifier achieved average classification 

accuracies ranging from 91.0% (wrist) and 92.4% (ankle) in youth7 and 87.0% (wrist) and 94.8% 

(ankle) in adults22 across four activity classes (ambulation, cycling, sedentary, and other) in a 

within-sample cross-validation. Mannini and Intille21 have since shown in a separate study that 

the SVM classifiers developed under structured laboratory conditions ranged in performance 

from 80.8% to 96.5% in youth and 70.7% to 95.0% in adults across the four activity classes 

indicating a large amount of individual variability.21 In order to improve the overall classification 

of PA at both the individual and group levels, Mannini and Intille21 have suggested personalizing 

classifiers. This interest and motivation comes from more specific classification tasks such as 

identifying handwriting, speech, and gesture-based movements that have very individualized 

components. The idea is to take a previously developed generalizable classifier and adapt it using 

individual data points to improve performance across the board.21 The method proposed by 

Mannini and Intille21 uses a classification uncertainty parameter to determine where individual 

data may need to be supplied to make a classification and adapt the algorithm. When the 

uncertainty parameter exceeds the established threshold criteria, the algorithm requests 

information about the criterion activity label be supplied for that individual during that window 

of time and then subsequently updates the model adapting it using the new information.21 It is 

possible that a blending of the two methods discussed here may result in the greatest 

improvements for PA characterization.21 This method improved overall within-sample cross-

validation accuracy 11.0% on average and improved individual classification ranging from -



   

 201 

2.0% to 36.0%.21 If a generalizable classifier is developed using a mix of structured and 

unstructured activity data like Ermes et al.20 suggests and then the classifier is adapted using 

personalization as Mannini and Intille21 suggest, it may be possible to improve both the group 

and individual level performance of classifiers being developed. It is presently unknown how the 

contribution of using accelerometer and gyroscope data together may impact these two 

endeavors but it should be explored in future studies as the results of the present study suggest 

using both sensor signals together may improve the overall characterization of PA and should 

contribute to improved success of these other strategies.  

4.4 Strengths 

This study has a number of strengths including a large sample size, a large and diverse set 

of activities, and a large volume of data. There were 99 participants available for the within-

sample cross-validation and 42 participants available for the out-of-sample cross validation, 

which is considerable. The availability of semi-structured and unstructured free-living PA data 

allow for a true free-living out-of-sample validation of developed models. This is a highly 

valuable component to this study as there are very few out-of-sample validations available in the 

literature, especially in youth. The volume of criterion labelled activity data collected per 

participant, approximately 3 hours of semi-structured and approximately 4 hours of unstructured 

free-living data is a notable strength of the study as both the number of participants and the 

duration of observation both exceed what is typically done in other studies. The inclusion of 

transitions adds to the value of this study as little is currently known about transition periods but 

they are a critical component to free-living assessment. This study provides a starting point for 

beginning to be able to more completely assess youth free-living PA behaviour. Additionally, 

this is the first study in youth to investigate the head-to-head within- and out-of-sample 
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performance of classifiers developed using accelerometer sensor data only, gyroscope sensor 

data only, and data from both sensors combined from the ActiGraph GT9X. Lastly, several 

machine learning model types were evaluated using the aforementioned sensor data feature sets 

data for multiple attachment sites which provides useful information about modeling similar data 

in future studies.  

4.5 Limitations 

While this study does add considerably to the current state of the literature, there are 

several limitations. The statistical features used in this study could be considered a limitation. 

The features used have been used previously but in studies focused on using accelerometer 

sensor data. There is currently little information available in the literature about which features 

are best for gyroscope sensor data. Future studies should consider additional or different features 

as part of optimizing the characterization of PA using accelerometer and gyroscope sensor data. 

It is possible different feature sets could yield performance gains. While working with 1-s data 

points provides a large dataset, classifying each 1-s data point independently may be a limitation 

to model performance in this study. At the 1-s level, movements that are characteristic of a 

specific activity such as locomotion, may be contained in a broader PA behaviour context. An 

example of this would be periods of walking or running while playing soccer or basketball. 

There are often times where participants can be engaged in one of these sporting activities and 

time off the ball is frequently spent either walking, jogging, or running. In the case of the 

developed classifiers, the 1-s of walking or running in the sporting activities could be 

misclassified as walking or running. Technically, the classifier is correct but based on context, 

the data are misclassified.  
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4.6 Next Steps and Practical Considerations 

The results of this study should help to inform next steps for modeling wearable device 

data in both youth and adults. It seems there is now sufficient evidence to support using 

accelerometer and gyroscope together for characterizing PA in both populations. However, there 

are current limitations specific to the deployment of the GT9X in free-living application. Hibbing 

et al.23 and LaMunion et al.24 have noted through informal testing and unpublished data that the 

GT9X cannot collect more than 48-hrs of data when the primary accelerometer and IMU 

gyroscope are enabled. This window grows smaller (~24-hrs) if the full IMU is enabled at 

initialization. Using both sensors results in additional data accumulation of approximately ~1 GB 

per 24-hrs of data collection when the full IMU is engaged. This issue should be improved or 

resolved in the future but presently, it is a limitation to deploying the GT9X devices for multiple 

days of free-living assessment without requiring charging and subsequently data loss if the goal 

is to capture continuous 24-hr behaviour. 

Future studies should consider evaluating different feature sets as a starting point for 

improving classifier performance. Additionally, future studies should consider, when possible, 

using a mix of structured, semi-structured, and unstructured data for model development to 

improve model generalizability. The field needs more generalizable models for using at the 

population level but also needs to improve the individual precision of the classifiers being 

developed as a more individualized approach to health and wellness emerges in healthcare for 

diagnostic and clinical purposes. Both aspects of PA characterization should remain targets for 

future studies  
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4.7 Conclusion 

In summary, this study demonstrates that loss in PA classification accuracy can be 

minimized when translating from structured laboratory or semi-structured simulated free-living 

activities to unstructured free-living activity by using data from both the accelerometer and 

gyroscope sensor together.  
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Appendix A: Figures 
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Figure 1. Project overview flow chart. 
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Figure 2. Study 1 participant enrollment, description of data loss, and participant allocation for 
analyses.   
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Figure 3. Overall classification accuracy results from 1) decision tree (RPART), 2) logistic 
regression (LASSO), 3) random forest (RF), and 4) neural network (NNET) models for hip A) 
individual activity classes, and B) activity groups, left wrist C) individual activity classes, and D) 
activity groups, and right wrist E) individual activity classes, and F) activity groups. 
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Figure 4. Out-of-sample validation model classification accuracy of LaMunion et al. (Chapter 4) 
six-class activity group classifiers 1) decision tree (RPART), 2) logistic regression (LASSO), 3) 
random forest (RF), and 4) neural network (NNET) models for A) hip, B) left wrist, C) right wrist 
data.  
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Figure 5. Overall classification accuracy results for seven-class random forest classifiers 
including transitions for a A) within-sample cross-validation using semi-structured simulated 
free-living activity data and B) out-of-sample validation using unstructured free-living data.
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Figure 6. Overall classification accuracy results from within-sample cross-validation and out-
of-sample validation of random forest models developed to classify six activity classes excluding 
transitions and seven activity classes including transitions using A) hip, B) left wrist, and C) 
right wrist data. 
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Appendix B: Tables 
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Table 1. Individual activity class labels, activity group labels, with the original activity labels and operational definitions. 
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Table 2. Study 1 dataset breakdown by number of data points in each individual activity class and activity group.  

 
LW = Left Wrist, RW = Right Wrist, JJ = jumping jacks, SLA = seated/lying activity, CWR = continuous walking and running, Rec_LTA = 
recreation/leisure-time activity
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Table 3.  Physical characteristics of participants for development and within-sample validation. 
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Table 4. Confusion Matrix Performance Summary for Individual Activity Class for the Hip classifiers by Feature Set. 

 
RPART = decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color formatting 
corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type 

 
 
 
Table 5. Performance Summary for Individual Activity Classes for the Hip Classifiers by Feature Set. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART = 
decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color formatting corresponds 
to which feature set is best (dark) and worst (light) for each activity class within a single model type. 
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Table 6. Confusion Matrix Performance Summary by Activity Group for the Hip classifiers by Feature Set. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities; RPART = decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color 
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type 
 
 

 

 

Table 7. Performance Summary by Activity Group for the Hip Classifiers by Feature Set. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART = 
decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color formatting corresponds 
to which feature set is best (dark) and worst (light) for each activity class within a single model type
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Table 8. Confusion Matrix Performance Summary for Individual Activity Class for the Left Wrist classifiers by Feature Set. 

 
RPART = decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color formatting 
corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type 
 
 

Table 9. Performance Summary for Individual Activity Classes for the Left Wrist Classifiers by Feature Set. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART = 
decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color formatting corresponds 
to which feature set is best (dark) and worst (light) for each activity class within a single model type.
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Table 10. Confusion Matrix Performance Summary by Activity Group for the Left Wrist classifiers by Feature Set. 

 

CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities; RPART = decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color 
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type 
 
 
 

 
Table 11. Performance Summary by Activity Group for the Left Wrist Classifiers by Feature Set. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART = 
decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color formatting corresponds 
to which feature set is best (dark) and worst (light) for each activity class within a single model type
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Table 12. Confusion Matrix Performance Summary for Individual Activity Class for the Right Wrist classifiers by Feature Set. 

 
RPART = decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color formatting 
corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type 

 
 
Table 13. Performance Summary for Individual Activity Classes for the Right Wrist Classifiers by Feature Set. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART = 
decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color formatting corresponds 
to which feature set is best (dark) and worst (light) for each activity class within a single model type. 
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Table 14. Confusion Matrix Performance Summary by Activity Group for the Right Wrist classifiers by Feature Set. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities; RPART = decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color 
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type 
 
 
 

 
Table 15. Performance Summary by Activity Group for the Right Wrist Classifiers by Feature Set. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; RPART = 
decision tree; LASSO = logistic regression; RF = random forest; NNET = neural network; the color formatting corresponds 
to which feature set is best (dark) and worst (light) for each activity class within a single model type
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Table 16. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Decision Tree Model. 

 
 
 
 

Table 17. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 18. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Decision Tree Model. 

 
 

 

 

Table 19. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 20. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Decision Tree Model. 

 
 

 

 

Table 21. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 22. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Lasso Model. 

 
 
 
 
Table 23. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 24. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Lasso Model. 

 
 
 
 
Table 25. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 26. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Lasso Model. 

 
 
 

 
Table 27. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 28. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Random Forest Model. 

 
 
 
 
Table 29. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 30. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Random Forest Model. 

 
 
 
 
Table 31. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 32. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Random Forest Model. 

 
 
 
 
Table 33. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall
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Table 34. Individual Class Confusion Matrix Results for the Hip Accelerometer Only Feature Set Neural Network Model. 

 
 
 
 
Table 35. Individual Class Performance Summaries for the Hip Accelerometer Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 36. Individual Class Confusion Matrix Results for the Hip Gyroscope Only Feature Set Neural Network Model. 

 
 
 
 
Table 37. Individual Class Performance Summaries for the Hip Gyroscope Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 38. Individual Class Confusion Matrix Results for the Hip Combined Sensor Feature Set Neural Network Model. 

 
 
 
 
Table 39. Individual Class Performance Summaries for the Hip Combined Sensor Feature Set Neural Network Model. 

  

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 40. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Decision Tree Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 

Table 41. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 42. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Decision Tree Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 43. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 44. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Decision Tree Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 45. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 46. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Lasso Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 47. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 48. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Lasso Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 49. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 50. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Lasso Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 51. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 52. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 53. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 54. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 55. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 56. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 57. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 58. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Neural Network Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 59. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Neural Network Model. 

  

PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 60. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Neural Network Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 61. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 62. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Neural Network Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 63. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 



   

 251 

Table 64. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Decision Tree Model. 

 
 
 
 
Table 65. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set Decision Tree Model. 

 

 PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 66. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Decision Tree Model. 

 
 
 
 
Table 67. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 68. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Decision Tree Model. 

 
 
 
 
Table 69. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 70. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Lasso Model. 

 
 
 
 
Table 71. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 72. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Lasso Model. 

 
 
 
 
Table 73. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 74. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Lasso Model. 

 
 
 
 
Table 75. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 76. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Random Forest Model. 

 
 
 
 
Table 77. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 78. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Random Forest Model. 

 
 
 
 
Table 79. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 80. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Random Forest Model. 

 
 
 
 
Table 81. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set Random Forest Model. 

 

 PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 82. Individual Class Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Neural Network Model. 

 
 
 
 
Table 83. Individual Class Performance Summaries for the Left Wrist Accelerometer Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 84. Individual Class Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Neural Network Model. 

 
 
 
 
Table 85. Individual Class Performance Summaries for the Left Wrist Gyroscope Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 86. Individual Class Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Neural Network Model. 

 
 
 
 
Table 87. Individual Class Performance Summaries for the Left Wrist Combined Sensor Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 88. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Decision Tree Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 89. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 90. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Decision Tree Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 91. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 92. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Decision Tree Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 93. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 94. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Lasso Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 95. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 96. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Lasso Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 

Table 97. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 98. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Lasso Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 99. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 100. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 101. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 102. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 103. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 104. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 105. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 106. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Neural Network Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 107. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 108. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Neural Network Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 109. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 110. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Neural Network Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 

Table 111. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 112. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Decision Tree Model. 

 
 
 
 
Table 113. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 114. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Decision Tree Model. 

 
 
 
 
Table 115. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 116. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Decision Tree Model. 

 
 
 
 
Table 117. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 118. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Lasso Model. 

 
 
 
 
Table 119. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 120. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Lasso Model. 

 
 
 
 
Table 121. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 122. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Lasso Model. 

 
 
 
 
Table 123. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 124. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Random Forest Model. 

 
 
 
 
Table 125. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 126. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Random Forest Model. 

 
 
 
 
Table 127. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 128. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Random Forest Model. 

 
 
 
 
Table 129. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 130. Individual Class Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Neural Network Model. 

 
 
 
 

Table 131. Individual Class Performance Summaries for the Right Wrist Accelerometer Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 132. Individual Class Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Neural Network Model. 

 
 
 
 

Table 133. Individual Class Performance Summaries for the Right Wrist Gyroscope Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 134. Individual Class Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Neural Network Model. 

 
 
 
 

Table 135. Individual Class Performance Summaries for the Right Wrist Combined Sensor Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall 
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Table 136. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Decision Tree Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 137. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 138. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Decision Tree Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 139. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 140. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Decision Tree Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 141. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Decision Tree Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 142. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Lasso Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 143. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 144. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Lasso Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 145. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 146. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Lasso Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 147. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Lasso Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 148. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 149. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 150. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 
Table 151. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 152. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 

 

Table 153. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 154. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Neural Network Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 

Table 155. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 156. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Neural Network Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 

Table 157. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 158. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Neural Network Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
 

Table 159. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Neural Network Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 160. List of Study 2 activities and their operational definitions.  
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Table 160 continued 
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Table 160 continued 
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Table 161. Study 2 dataset breakdown by number of data points in each activity class and group 
corresponding to the recoded activity group labels.  
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Table 162. Physical characteristics of Study 2 participants. 
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Table 163. Confusion Matrix Performance Summary by Activity Group for the Hip Random Forest Model by Feature Set. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities; The color formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a 
single model type.  

 
 
Table 164. Performance Summary by Activity Group for the Hip Random Forest Model by Feature Set. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; The color 
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type.  
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Table 165. Confusion Matrix Performance Summary by Activity Group for the Left Wrist Random Forest Model by Feature Set. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities; The color formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a 
single model type.  

 
 
Table 166. Performance Summary by Activity Group for the Left Wrist Random Forest Model by Feature Set. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; The color 
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type. 
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Table 167. Confusion Matrix Performance Summary by Activity Group for the Right Wrist Random Forest Model by Feature Set. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities; The color formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a 
single model type.  

 
 
Table 168. Performance Summary by Activity Group for the Right Wrist Random Forest Model by Feature Set. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; The color 
formatting corresponds to which feature set is best (dark) and worst (light) for each activity class within a single model type. 



   

 307 

Table 169. Activity Group Confusion Matrix Results for the Hip Accelerometer Only Feature Set Random Forest Model.  

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
Table 170. Activity Group Performance Summaries for the Hip Accelerometer Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 171. Activity Group Confusion Matrix Results for the Hip Gyroscope Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
Table 172. Activity Group Performance Summaries for the Hip Gyroscope Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 173. Activity Group Confusion Matrix Results for the Hip Combined Sensor Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
Table 174. Activity Group Performance Summaries for the Hip Combined Sensor Feature Set Random Forest Model. 

  
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 175. Activity Group Confusion Matrix Results for the Left Wrist Accelerometer Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
Table 176. Activity Group Performance Summaries for the Left Wrist Accelerometer Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 177. Activity Group Confusion Matrix Results for the Left Wrist Gyroscope Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
Table 178. Activity Group Performance Summaries for the Left Wrist Gyroscope Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 179. Activity Group Confusion Matrix Results for the Left Wrist Combined Sensor Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
Table 180. Activity Group Performance Summaries for the Left Wrist Combined Sensor Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 181. Activity Group Confusion Matrix Results for the Right Wrist Accelerometer Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
Table 182. Activity Group Performance Summaries for the Right Wrist Accelerometer Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 



   

 314 

Table 183. Activity Group Confusion Matrix Results for the Right Wrist Gyroscope Only Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
Table 184. Activity Group Performance Summaries for the Right Wrist Gyroscope Only Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 
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Table 185. Activity Group Confusion Matrix Results for the Right Wrist Combined Sensor Feature Set Random Forest Model. 

 
CWR = continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time 
activities 

 
 
Table 186. Activity Group Performance Summaries for the Right Wrist Combined Sensor Feature Set Random Forest Model. 

 
PPV = positive predictive value; NPV = negative predictive value; F1 = the harmonic mean of precision and recall; CWR = 
continuous walking and running; SLA = seated and lying activities; Rec_LTA = recreational and leisure time activities 



   

 316 

Appendix C: Study 1 Recruitment Flyer 
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Appendix D: Study 1 Informed Consent 

 

 



   

 319 

 



   

 320 

 

 



   

 321 

 

 



   

 322 

Appendix E: Health History Questionnaire 
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Appendix F: Study 1 Informed Assent 
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Appendix G: Study 2 Recruitment Flyer 
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Appendix H: Study 2 Informed Consent 
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Appendix I: Study 2 Informed Assent
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