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ABSTRACT 
 

 

 EXAMINING THE ABILITY OF ACCELEROMETERS TO DIFFERENTIATE LOW 

AMPLITUDE MOVEMENTS AND THE INFLUENCE OF SIGNAL PROCESSING 

 

Hannah Joyce Coyle-Asbil     Advisor: 

University of Guelph, 2021     Lori Ann Vallis  

This thesis investigated the effects of different signal processing methodologies on the amplitude 

of preschool children’s free-living raw accelerometer data and further clarified the ability of 

Actigraph accelerometers to consistently measure low amplitude movements. The first set of 

studies compared the effects of different signal processing techniques, including filtering and 

composite measure approaches, on the composition of raw accelerometer data over a 

measurement period, and during specific activities. Through the application of different 

processing techniques, the signal content is significantly impacted, thereby altering the 

interpretation of acquired data. The second set of studies were performed in a controlled 

laboratory setting to determine the cross-generational comparability of different Actigraph 

models in their ability to differentiate low amplitude movements and how different setting 

parameters affect these results. Results confirmed that the monitors are able to consistently 

differentiate low amplitude oscillations and that the effect of chosen setting parameters 

significantly impacts these measures. 
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1. General Introduction 

 

Lifestyle affiliated diseases, such as obesity, are currently proliferating globally at an 

alarming rate (Kopp et al., 2019). The rise of these diseases is not only apparent in adult 

populations but is discernable in pediatric populations as well (Sahoo et al., 2015). According to 

the World Health Organization (WHO), in 2019 it was estimated that globally, 38 million 

children under the age of 5 years fit the classification of overweight or obese (WHO, 2020). 

Children younger than 5 years fit the classification of overweight if their weight to height ratio is 

2 standard deviations away from the mean and are considered obese if their ratio is of 3 standard 

deviations (WHO, 2020). A number of attributable factors have been identified, including diet, 

socioeconomic status, environment, genetics, stress and emotional factors (Aparicio et al., 2016, 

Sahoo et al., 2015, Thaker, 2018; Hemmingsson, 2018). Another element that has been 

associated to increasing obesity rates is the apparent global shift to a more sedentary lifestyle 

(Sahoo et al., 2015; Lou et al., 2014; Owen et al., 2010).  

 Sleep, physical activity and sedentary behaviour are collectively referred to as movement 

behaviours as all of these behaviours fall into the 24-hour movement-nonmovement continuum 

(Tremblay et al., 2016). The relationship between physical activity and health is subject to a high 

degree of variation, therefore ensuring that measurement techniques are accurate and precise is 

vital (Corder et al., 2008). For decades, researchers have studied the nature of movement 

behaviours across different populations and a variety of subjective and objective measurement 

techniques have been implemented (Corder et al., 2008).  

Questionnaires, interviews and activity logbooks are examples of subjective measurement 

techniques that have previously been used (Corder et al., 2008). Relying solely on subjective 

methods as a means for quantifying these behaviours has been widely scrutinized, as these 

measures are easily affected by a participant’s ability to accurately recall information and can be 

impacted by the opinion or perception of the participant, proxy or researcher (Corder et al., 

2008). Subjective measures are further limited in pediatric cohorts as the activity patterns 

exhibited by this population tend to be highly sporadic (Corder et al., 2008). Given these clear 

limitations, objective measurements of free-living movement behaviour are preferred. This 

entails measuring physiological or biomechanical metrics and subsequently, using these data to 
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characterize a participant’s experienced activity (Corder et al., 2008). Over the years various 

devices have been used such as pedometers, gyroscopes and heart rate monitors, yet the most 

common among them is the accelerometer (Zhang et al., 2011; Godfrey et al., 2008; Corder et 

al., 2008).  

Accelerometers, commonly worn on the waist or wrist, are designed to quantify 

acceleration experienced by the segment to which they are attached (Corder et al., 2008). Tri-

axial accelerometers are particularly advantageous, as they can quantify the movement occurring 

on all three planes, thus providing a composite measurement for the overall acceleration 

experienced by the individual (Matie et al., 2004). Accelerometers, such as the Actigraph 

wGT3X-BT, has a dynamic range of   8 g on all three axes. The majority of studies examine 

procured accelerometer data as arbitrary summary values known as “activity counts” (Rowlands 

et al., 2015); for these values raw accelerometer output is processed and summed (Bouten et al 

1997) over a user specified epoch of time (Gabriel et al., 2010). Although this form of analysis is 

relatively user-friendly, the specifications of these values are proprietary, and therefore 

undisclosed by manufacturers (de Almeida Mendes et al., 2018). As a result, there is a growing 

request for researchers to move towards the use of raw accelerometer data as a way to foster 

transparency and allow for appropriate cross-cultural comparisons (de Almeida Mendes et al., 

2018).  

Different avenues of analyses have been used to discern raw accelerometer data such as 

machine learning models and raw thresholding techniques (de Almeida Mendes et al., 2018). 

However, to our knowledge no studies have investigated the impact that adopted signal 

processing methods have on the overall nature of a preschool child’s raw acceleration signal. 

Understanding how the resulting signal is ultimately altered, may seem rudimentary, however 

this knowledge is fundamental to our understanding is thus critical for researchers to 

acknowledge during interpretation.  

 Research has shown that increased adiposity is linked not only to a decrease in high 

intensity physical activity, but also increased time spent participating in sedentary activities 

(Jago et al., 2020). Various activities that preschool children exhibit on a regular basis, fall into 

the category of low intensity such as homework, colouring, reading, napping, sleeping and time 

in front of screens (Ainsworth et al., 2011). In our rapidly advancing technological society, time 

spent in front of screens such as television, tablets, phones or computers is gaining more 
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attention with recommendations being specifically made for limiting these behaviours (CSEP, 

2018). Although these aforementioned low intensity activities all satisfy the definition of 

sedentary behaviour, these activities are not equivalent effectors in the context of healthy growth 

and development with respect to cognitive, physical and emotional development (Radesky et al., 

2016; El-Sheikh & Sadeh, 2015). If accelerometers are capable of differentiating these activities 

in young children, structured assessments could provide greater overall context to a child’s 

development. Previous research by Hurter et al. (2018), highlighted different thresholds 

belonging to various sedentary activities performed by pre-adolescent children (9-11 years); this 

work demonstrated that the magnitude of separation between these activities was very small.  

With these small differences in mind, little is known about the reliability/consistency of 

the accelerometers that are commonly used to track the free-living movement of preschool aged 

children. Our group uses the widely popular Actigraph monitors, however little research into the 

ability of Actigraph devices to consistently differentiate low amplitudes has been published. In 

order to acquire this information, these specifications need to be explored in isolation in a 

controlled laboratory setting. Previous studies by John et al (2013) used a centripetal shaker table 

with a fixed radius of 5.08 cm, to compare the raw accelerometer output of Actigraph and 

GeneActiv monitors at verifying frequencies between 0.7 and 4 Hz. However, given the 

experimental set up, the resulting accelerometer output was between 123 mg and 3241 mg (John 

et al., 2013), which more closely resembles to the calculated the vector magnitude amplitude 

experienced during running (Rowlands et al., 2014). As such, the capabilities of these monitors 

to differentiate lower amplitudes, such as those experienced during sedentary behaviours (<63.3 

mg; Hildebrand et al., 2016 or <20 mg; Crotti et al., 2020) remains in question.  

Another component, particular to Actigraph devices, that requires further clarification is 

the effect that the idle sleep mode (ISM) has on low amplitude analyses. The ISM is an 

Actigraph specific function, although other brands may have a similar setting, that is meant to 

preserve the battery life of the devices when they are being used in the field. According to the 

Actigraph website (https://actigraphcorp.force.com/support/s/article/Idle-Sleep-Mode-

Explained), the accelerometer will go into a low power or sleep state after experiencing 10 

seconds of inactivity (less that 40 mg) and the last sampled value will be entered into the 

device’s memory until it is awoken by a resumption of movement (Actigraph 2018). The device 

checks once every second to see whether it has moved. Previous research has explored the 
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effects of enabling and disabling the ISM during sleep analysis and did not find any significant 

differences in the sleep outcome measures captured across a full night (Gorzelniak et al., 2013); 

however, this assessment has yet to be validated in a tightly controlled laboratory setting with 

direct minute-by-minute comparisons. 

 The concepts presented above will be further explored throughout different sections of 

this thesis. A Review of Literature related to motion characteristics of human movement, raw 

accelerometry analysis, and free-living movement behaviour research will be presented in 

Chapter 2. Chapter 3 will introduce the objectives and hypotheses of this thesis and Chapters 

4, 5, 6 and 7 will provide information on the four experiments that were performed. Lastly, a 

general discussion will be provided in Chapter 8 that will consolidate the findings from this 

thesis and their contribution to the literature.  
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2. Review of the Literature 

 

2.1 Free-living Monitoring of Human Movement 

2.1.1 Motion Characteristics of Human Movement 

 

The study of human movement is thought to have emerged during the fifth century BC, 

when Aristotle presented his model of the musculoskeletal system (Greene & Roberts, 1999). 

Since then, human movement has been described as either a change in place, posture or position 

(Hamill & Knutzen, 2003) that is non-uniform, involuted and subject to different avenues of 

analyses (Godfrey et al., 2008), undertaken by a breadth of scientific disciplines. In order to have 

a comprehensive understanding of this topic, it is important for researchers to recognize the 

context of human movement and explore existing relationships between disciplines and their 

outcome measures (Godfrey et al., 2008); for example, it is important to understand the 

biomechanics of a movement, but it is also important to understand how these measures may 

ultimately reflect physiological properties.  

Biomechanics uses a quantitative approach to measure the physical components of 

movement; these can be further broken down into static and dynamic factors (Godfrey et al 

2008). Dynamics focuses on a system experiencing acceleration and can be subdivided into 

kinetics and kinematics (Krieghbaum et al., 1995). Kinetics takes on the perspective of 

examining forces that act upon a given system (human body), and how this elicits movement, 

whereas kinematics is concerned with the spatiotemporal characteristics of motion such as 

position, velocity and acceleration (Krieghbaum et al., 1995).  

Linear and angular motion are the two main types of motion exhibited by humans 

(Godfrey et al., 2008). Motion occurring on a straight or curved path (rectilinear or curvilinear), 

where all points on the body move the same amount within the same time is categorized as linear 

motion; in contrast, angular motion can be defined as movement occurring around an axis where 

different regions of the body are not all moving at a consistent pace (Hamill & Knutzen, 2003).  

Human motion can be further detailed using six different variables, and their derivatives, to 

describe either linear or angular motion. With respect to linear motion, variables that are 

commonly used to describe translational movement include sway, heave and surge (Zeng et al., 
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2011). In contrast, the variables that are employed to describe rotative motion are referred to as 

roll, pitch and yaw (Zeng et al., 2011).  

The movement patterns demonstrated by humans are highly variable and can be 

described fluidly, using these variables, at varying frequencies and amplitudes. Compared to 

other systems, movement exhibited by humans is composed of relatively low frequencies and 

amplitudes (excluding atypical behaviours such as tremors, which is still relatively low) with the 

highest frequency and amplitude most likely to be experienced when an individual is running or 

jumping (Bouten et al., 1997). Generally, frequencies and amplitudes are found to be higher in 

the vertical plane compared to those in the medio-lateral plane and generally decrease from 

caudal to cranial (Bouten et al., 1997). Previous research in an adult population demonstrated 

that during ambulation, acceleration measured on the vertical axis at the head varied from -0.3-

0.8 g, whereas when measured in the medio-lateral axis, accelerations ranged from -0.2 to 0.2 g 

(Cappozzo, 1982). In contrast, accelerations measured at the tibia during ambulation have been 

found to range from -1.7 to 3.3 g in the vertical direction and -2.1 to 2.3 g in the horizontal 

directions (Lafortune, 1991).  

To reiterate what has previously been stated, human motion is highly variable, can be broken 

down and described using a variety of variables and is made up of varying frequencies and 

amplitudes. As such, to obtain a truly representative model of the typical movement behaviours 

experienced by a human, a measurement system for human movement ideally would be sensitive 

to lower amplitudes and frequencies and capable of providing measurements in multiple planes 

of motion. 

 

2.1.3 Importance of movement and monitoring it in a free-living environment  

 

Humans engage in a variety of activities over a 24-hour cycle. The research questions 

that are being investigated will be shaped by the measurement tools available to study these 

movements. For example, when considering a lifestyle disease such as obesity, having an overall 

impression of what movements are experienced by the whole body throughout a day is of 

interest. This would include the ratio and frequency of the different movement behaviours, such 

as sleep, sedentary behaviour and various intensities of physical activity (Tremblay et al., 2016). 
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Previous work has shown that the frequency and duration of these behaviours is directly 

impacted by an individual’s lifestyle, age and health. With the premise of fostering good health, 

clinical recommendations are dependent upon the age of an individual; for example, to promote 

healthy development, it is recommended that children between 3-4 years of age obtain 10-13 

hours of sleep a day, whereas adults should acquire between 7 and 8 hours (CSEP 2017; 

Tremblay et al., 2017; WHO, 2019). Although it is important to study these behaviours at 

different points in a lifespan, paying particular attention to how these trends emerge in younger 

age groups is important as previous research has shown that lifestyle habits are established early 

and persist throughout one’s lifetime (Singer et al, 1995). 

To quantify human movement and the varying volumes and frequencies that occur 

throughout a day, it is essential to acquire data in a free-living environment, where movement is 

unrestricted, autonomous and not truncated due to laboratory limitations (Mathie et al., 2004). 

Obtaining precise measurements that accurately reflect daily activity patterns is essential in order 

to establish dose-response relationships, assess the effectiveness of activity interventions and to 

make appropriate cross-cultural comparisons (Wareham & Rennie, 1998). Being able to 

appropriately monitor these behaviours is even more difficult in children as the associations with 

health outcomes may be weaker compared to adults (Harro & Riddoch, 2000), on account of 

perceived ceiling effects and a shorter lifetime exposure for disease to develop (Corder et al., 

2008).  

2.1.3 Overview of measurement tools to quantify free-living human movement  

 

A wide range of measurement techniques are available to characterize human movement, 

however, not all available tools are feasible for the monitoring of movement in a free-living 

environment. Subjective techniques, such as questionnaires and logbook diaries have been used 

in large scale studies (Sirard & Pate, 2001), however, these techniques are subject to various 

drawbacks such as participant bias (Sirard & Pate, 2001). There exists a variety of monitoring 

techniques that can provide meaningful observations regarding an individual’s movement such 

as gait mats, force plates and optical motion sensing (Godfrey et. al., 2008), but these techniques 

are highly disadvantageous when it comes to continuous monitoring; a researcher would have 

tremendous difficulty attempting to implement these in a free-living environment. Wearable 
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technology has become more affordable and therefore tremendously popular in this field in 

recent years. To be effective, this technology must be unobtrusive, i.e., it does not alter an 

individual’s typical behaviour, and the battery capacity and memory storage needs to be 

powerful and capable enough to store a large amount of data. Moreover, this type of research is 

often implemented in large scale epidemiological research, with thousands of participants and 

therefore the purchasing cost to acquire this technology needs to be relatively low.  

 

2.1.3.1 Pedometers 

 

Pedometers have been implemented in large scale research studies to characterize human 

motion (Duncan et al., 2008). The internal mechanism of a pedometer consists of a spring 

suspended lever arm that moves vertically with acceleration about the location of which they are 

attached during locomotion (Tudor-Locke et al., 2002). A pedometer counts either the number of 

times a threshold is exceeded or number of zero crossings present in the waveform; this is then 

used to communicate daily step count (Corder et al., 2008). With respect to feasibility, 

pedometers are an attractive tool as they are small in size and can be purchased at a lower price, 

ranging from $10 to $200 (Schneider et al., 2003). However, the capability of pedometers is 

limited when it comes to translating these measures into meaningful outcomes. The majority of 

commercially available pedometers are designed to store the total number of steps, and therefore 

do not provide information on the series, frequency, intensity or duration of a subject’s activity 

(Corder et al., 2008). Even in specific models that do provide measures for step frequency, 

research has shown that the relationship between energy expenditure (EE) and step frequency is 

highly variable (Corder et al., 2008), and as a result, findings may not necessarily be meaningful. 

Furthermore, stride length is highly variable between individuals, therefore estimating 

displacement is challenging (Corder et. al., 2008). In a review by Corder et al. (2008), it was 

recommended that pedometers be used when other resources are unfeasible, and the only 

outcome reported should be number of steps, as the accuracy of other measures is questionable.  

 

2.1.3.2 Gyroscopes and Magnetometers  

 

To quantify the rotary rate of a system, researchers often use gyroscopes (Zeng et. al., 

2011). These sensors translate the rotary motion into measurable linear motion (Zeng et al 2011).  
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This exemplifies the phenomenon known as the Coriolis effect (Zeng et al., 2011) where a 

rotating reference frame will give rise to a force that is proportional to the angular rate of motion 

(Wong et al., 2007). With respect to the aforementioned motion variables, gyroscopes provide a 

reference for movement related to roll, pitch and yaw, and by integrating the gyroscopic signal, 

the angular orientation of the output signal can be obtained (Senturia, 2001). In human research 

applications these devices are commonly used to measure posture and angular movement (Wong 

et al., 2007) and can be used to infer linear movement.  

Gyroscopes are often housed within a device known as an inertial measurement unit 

(IMU). Also housed within an IMU is another sensor, referred to as a magnetometer. 

Magnetometers sense directional heading by measuring the strength of the local magnetic field 

with reference to Earth’s north pole (del Rosario et al., 2015).  

An apparent barrier that researchers face when using gyroscopes or IMU for free-living 

monitoring is that these devices have a large demand in terms of battery life. For example, when 

enabling the IMU device on the GT9X device from Actigraph 

(https://actigraph.force.com/support/s/article/Link-Battery-Life-and-Memory-Capacity), the 

battery life goes from 14 days to 24 hours. This consideration is not necessarily a priority when 

research is being conducted in a laboratory-based setting, however when monitoring human 

movement in the field continuously over multiple days this is a significant limitation. Moreover, 

in comparison to other wearable sensors such as pedometers or accelerometers, devices 

containing gyroscopes or IMUs are typically more expensive, for example the GT9X Actigraph 

monitor that includes both a primary accelerometer and IMU is ~$275.00 USD versus the 

wGT3X-BT Actigraph monitor that only contains an accelerometer is ~$225.00 USD.  

 

2.1.3.3 Heart Rate Monitors  

Although they do not explicitly provide measures that can describe motion characteristics, it is 

worth noting that heart rate monitors have been used in contingence with motion sensors, to 

further characterize the physiological costs of different movements. For example, the ActiHeart 

(MiniMitter, a Respironics Co., Bend, OR) is a compact device worn on the chest that records 

the movement and heart rate of the individual wearing the device. This device has previously 

been implicated in studies on pediatric populations (Eston et al., 1998), however, limitations to 
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these devices have been identified. Not only are heart rate monitors highly susceptible to 

interference from external signals not related to human movement or heart rate (“noise”; Corder 

et al., 2008), but previous research has also shown that the relationship between instantaneous 

activity and heart rate is poor (Corder et al., 2008). This latter point is an important consideration 

for researchers working with pediatric populations as the activity demonstrated by younger 

cohorts has been described as occurring in sporadic bouts throughout the day (Rowlands & 

Eston, 2007). Furthermore, it has repeatedly been shown that during activities of higher 

intensities, the relationship between heart rate and physical activity (PA) can be depicted as 

linear, whereas during activities that generate lower frequency responses, the relationship is more 

difficult to predict and is highly variable (Livingstone et al., 1992). Given these constraints, heart 

rate monitors can be of limited use when monitoring free-living movement behaviours occurring 

over a 24-hour time period. 

2.1.3.4 Accelerometers  

Accelerometers are the most widely used tool for objective monitoring of free-living 

movement (Corder et. al., 2008). When originally contrived in the 1950s, accelerometers were 

much larger in size and therefore not ideal for use in free-living research (Corder et al 2008). 

Following technological advancements, accelerometers re-emerged in the 1970s as a tool for 

monitoring physical activity (Godfrey et. al., 2008).  

Although accelerometers are constructed in a variety of ways, the design is based on the 

premise of Newton’s second law (force= mass x acceleration; Wong et al., 2007). The internal 

mechanism of an accelerometer is often described as a mass-spring-damper system; in which 

there is a mass that moves relative to the devices’ housing, a spring that connects the mass to the 

housing and a damper to dissipate energy and keep the spring-mass system from continuously 

vibrating (Mathie et al., 2004).   

Various sources of output contribute to the signal quantified by an accelerometer. In the 

field of movement behaviour research, the variable of most interest is typically the output due to 

human movement (kinematic component; Bouten et al., 1997), which is in turn, dependent 

upon the activity experienced by the individual. Another contributing source to the accelerometer 
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signal is output due to gravitational acceleration (gravitational component; Bouten et al., 

1997). The gravitational component varies from -1 g to 1 g (Bouten et al., 1997). When a system 

is static (0 acceleration provided by the kinematic component) the output from the accelerometer 

is a result of the gravitational component which is dependent upon the acceleration in reference 

to the earth’s gravitational vector (Bouten et al., 1997). As such, this output reflects the 

orientation of the accelerometer and can be utilized to measure tilt (Kavanaugh et al 2008). Of 

note, accelerometer output signals may also contain noise, such as external vibrations not 

produced by the body.  An example of this would be movement associated with being in vehicle, 

or movement of the monitor against clothing (Bouten et al 1997). 

Uniaxial and triaxial accelerometers are the two main types of accelerometers that are 

used in research settings. Uniaxial accelerometers are solely sensitive to movements that occur in 

a single axis (e.g., vertical axis; Cheung et al 2014); whereas triaxial accelerometers provide 

signal output for movements occurring on all three axes of motion. Researchers can then perform 

straightforward calculations (e.g., Pythagorean Theorem) to obtain summative information on 

measures for whole body movements (Mathie et al 2004). As human movement occurs naturally 

in all three planes, uniaxial accelerometers are clearly of limited use as they have a limited 

capacity to report on multidirectional movement.  

2.1.3.4.1 Types of Accelerometers  

A variety of types of accelerometers have been used in kinematic studies, each 

implementing the principle of the spring mass system in different forms, including piezoelectric, 

piezoresistive and capacitance (Godfrey et al., 2008). For piezoelectric accelerometers, the 

element within the system that behaves as the damped mass-spring system is called the 

piezoelectric element (Bouten et al 1997); this element has a seismic mass that in the presence of 

force will displace and bend causing a charge to build up and result in an output signal that is 

proportional to an applied acceleration (Godfrey et al., 2008). In a piezoresistive accelerometer 

this system is replaced by a polysilicon structure that acts as a resistor (Godfrey et al., 2008). The 

polysilicon springs will change as an accelerative force is applied and will produce a voltage that 

is proportional to the amplitude and frequency of the applied acceleration (Bouten et al 1997). 
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As an alternative to the aforementioned monitors, capacitance accelerometers are also commonly 

used to track human movement. Differential capacitor accelerometers have central plates that are 

attached to a moving mass and fixed to external plates (Mathie et al., 2004). When an 

acceleration is introduced into the system the capacitor becomes unbalanced and the amplitude 

of the resulting output is proportional to the acceleration of the movement (Godfrey et al., 2008). 

Previous research has shown that capacitive accelerometers are more stable and sensitive and 

have a higher resolution (Gardner, 1994). 

2.1.3.4.2 Actigraph wGT3X-BT and GT9X accelerometer  

Actigraph, previously known as the Computer Science and Applications monitor or 

Manufacturing Technology Inc. monitor, is the most commonly used brand of accelerometers 

amongst researchers globally (Migueles et al., 2017). Two Actigraph models, the wGT3X-BT 

and GT9X were used in the studies included in this thesis. Both models house an HHHHHH 

triaxial capacitator accelerometer with a dynamic range of ± 8 g and are designed to be worn on 

either the wrist, waist, ankle or thigh. Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh  

hhhhhhhhhhhhhhhhhhhhhhhhhh hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh 

hhhhhhhhhhhhhhhhhhhhhhhhhh hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh 

hhhhhhhhhhhhhhhhhhhhhhhh hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh. This filtered 

and down sampled data is then what is saved onto the internal memory of the device. 

The main difference between the two models, is that in addition to the primary 

accelerometer, the GT9X also houses an IMU. The IMU contains a secondary accelerometer 

(range of ± 16 g), a gyroscope (range ± 2000 deg/sec), a magnetometer (range ± 4800 micro-

Tesla) and a thermometer, which measures the temperature of the device, not the skin. The 

secondary accelerometer that is housed in the GT9X link monitor is not subject to the same 

internal processing of the wGT3X-BT. Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh 

hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh. 
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2.2 Methods for processing and analyzing accelerometer data 

2.2.1 Common considerations regarding acquisition/initial processing of accelerometer data 

In order to ensure the fidelity of free-living accelerometer data, extensive considerations 

pertaining to different stages of the research process need to be addressed. As universal 

guidelines for the field have not yet been established, the methodologies implemented by 

different research groups are highly variable. Some of the major sources of inconsistency are 

related to accelerometer placement, brand, sampling frequency, epoch length and initialization 

setting parameters such as the idle sleep mode (ISM).  

It is generally accepted that data are greatly impacted by position of the accelerometer 

during acquisition (Mathie et al., 2004; Godfrey et al 2008). Realistically, the placement of the 

accelerometer should be dependent upon the segment of interest (Mathie et al., 2004); for 

instance, when studying tremors related to Parkinson’s Disease, the most pertinent information 

would be captured at the wrist (van Emmerik & Wagenaar et al., 1999), whereas when analyzing 

movements that ensue coughing, a rational position would be on an individual’s chest (Fukakusa 

et al 1998). With respect to movement behaviour research, studies have undertaken numerous 

approaches, some involving the use of multiple accelerometers (He et al., 2014). For example, a 

study by McLellan et al. (2018) required children aged 5-7 years to wear monitors on both the 

wrist and the hip to capture activity from different segments and assess different wear time 

criteria. Clearly, having multiple sensors increases the complexity and associated costs of the 

study (Mathie et al., 2004). Furthermore, it is possible that a multi device protocol may have 

detrimental effects on compliance as a result of increased participant burden (Duncan et al., 

2018); this is a particularly important consideration when the population of interest is young 

children. In these scenarios, asking participants to only wear one device may be preferred and if 

whole body movements are still of interest, positioning the single accelerometer at the hip, 

located near the child’s centre of mass, would best reflect a composite estimation for movement 

of the entire body (Mathie et al., 2004). A wrist accelerometer placement is also commonly used 

for large scale epidemiological research studies, such as the National Health and Nutrition 

Examination Survey (NHANES) in the United States, as it has been shown to improve 

compliance in populations composed of both children and adults, in comparison to hip worn 

devices (Duncan et al 2018). However, according to a recent systemic review by Lynch et al 
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(2019), hip worn accelerometers exceed wrist worn with respect to a higher degree of accuracy 

when tracking whole body movements.  

In addition to accelerometer placement, accelerometer brand is another important 

consideration. Not all brands have the same specifications; for example, some brands have been 

designed to be worn on the thigh and include algorithms created to ascertain the amount of time 

spent in different postures (e.g., sitting, standing, lying down; activPALTM), whereas other 

brands such as Actigraph or GeneActiv, can be worn on a host of locations (wrist, hip, ankle). 

Data from these devices can be downloaded and analyzed using proprietary software or may be 

available for download in its “raw” form (e.g., Actigraph, Pensacola FL; GeneActiv, 

Cambridgeshire UK). 

Another critical consideration is sampling frequency and epoch length. As previously 

stated in Chapter 1, frequencies that pertain to typical human movement are generally low, yet 

the movement behaviour exhibited by young children tends to occur in sporadic bouts of activity 

throughout the day (Baquet et al 2007; Berman et al 1998). Ensuring that sampling frequency is 

appropriate prior to acquiring data is imperative; if the sample rate is too low relative to the 

signal of interest, it is possible that aliasing errors will be introduced into the sample (Proakis & 

Manolakis, 1995), therefore it is important to sample well above the Nyquist rate to reduce the 

likelihood of introducing these errors.  Similar to sampling frequency, epoch length is an 

important consideration for researchers analyzing data using count-based metrics. An epoch is 

the user specified time interval for which accelerometer data are summed (Gabriel et al., 2010). 

Prior research has recommended using shorter epoch lengths (example 5 second epochs over 60 

second epochs) as this reduces misclassification of different activities that may have varying 

frequency components (Gabriel et al., 2010; McClain et al., 2008).   

Accelerometer placement, brand, sampling frequency and epoch length are just a few of 

the technical aspects where the inconsistency of methodologies across research paradigms is 

apparent. For instance, definition of a ‘valid’ day (which refers to the minimum number of 

wearing hours for inclusion; Cain et al., 2013), minimum number of valid days required for free 

living analyses (refers to the number of days that meet the ‘valid’ day requirement to represent a 

participant’s usual activity; Cain et al., 2013) and chosen outcome measures (e.g. minutes spent 
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in moderate to vigorous physical activity (MVPA)/light physical activity (LPA)/sedentary 

behaviour, % of day spent in MVPA/LPA/sedentary behaviour etc. ) are examples that further 

highlight the importance for harmonizing these processes on a global scale.  

2.2.2 Idle Sleep Mode 

The ISM is an available setting that can be enabled or disabled in all currently available 

Actigraph models. The purpose of the ISM is to preserve the battery life of a monitor when it is 

not experiencing any movement (Actigraph 2018). After 10 seconds of inactivity, which 

according to Actigraph is equivalent to a fluctuation of > ± 40 mg, the device will enter ISM, 

where the last sampled raw output is written into the device’s memory until movement > ±40 mg 

is detected once again (Actigraph 2018); of note, the device will check for movement once every 

second while in ISM (Actigraph 2018). Enabling this setting greatly increases the battery life of a 

device; according to Actigraph’s website, when a sampling frequency of 100 Hz is selected, the 

battery life of the wGT3X-BT goes up to 16 days compared to 10 days when the ISM is disabled. 

We contacted Actigraph representatives to clarify how this ‘fluctuation’ was calculated, as it 

became apparent to us that the term ‘fluctuation’ may be interpreted multiple ways. They 

informed us ‘fluctuation’ refers to surpassing a +40 mg or -40 mg threshold. Therefore, for the 

purpose of improving clarity this will be referred to as a threshold band as opposed to a 

fluctuation. 

Upon reviewing the literature, it is apparent that the use of ISM is seldomly discussed. 

Researchers rarely mention whether it is enabled or disabled, and if they do, they fail to provide 

an explanation supporting why this processing decision was made. Arvidsson et al (2019) used 

raw accelerometry methods to explore the PA of school age children, adolescents and adults 

using both in lab and free-living protocols. It is stated that the ISM was enabled however no 

explanation is provided. In contrast, when Buchan et al (2020) explored the PA of 51 adults, the 

ISM was disabled, however, as previously mentioned, no explanation was provided.  

 Understanding how the ISM affects the data validity is imperative, specifically in 

research where low intensity motion is of interest. This is especially worrisome considering that 

the ISM is not monitored during device production nor quality control standardized testing; 
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variability between devices is not assessed prior to customer procurement. When studied in the 

context of sleep analysis, previous research has shown that the overall average ‘raw’ output from 

the Actigraph GT3X+ devices over the course of one evening of sleep is not affected, however 

they did report that enabling this setting does lead to changes affecting minute-by-minute 

comparisons, such as the total number of detected peaks (Gorzelniak et al., 2013). Current 

research suggests that individuals are spending a greater amount time in sedentary behaviours 

(Lou et al., 2014) thus further research is needed to clarify the effects of the ISM and how this 

technique might affect current analyses of daytime periods of inactivity, such as sedentary 

behaviours.  

2.2.3 Overview of Summary/count-based measures of movement behaviours 

The majority of studies using accelerometers to examine human movement behaviours 

report arbitrary summary values known as “activity counts” (Migueles et al., 2017), where 

procured raw accelerometer output is processed and summed (Bouten et al 1997) over a user 

specified epoch of time (Gabriel et al., 2010). An algorithm is thus automatically applied by 

proprietary software that filters, down samples, thresholds and rectifies the acceleration data 

using undisclosed parameters (John et al., 2013).  

The most broadly used method to establish a relationship between accelerometer derived 

activity counts and movement behaviour intensity (e.g., low, moderate, vigorous intensity) is 

through the use of “cut points” (Kim et al., 2012). Cut points are developed using calibration 

studies, where individuals are asked to perform various activities of different intensities, whilst 

concurrently wearing an accelerometer and measuring energy expenditure (e.g., double labelled 

water; Kim et al., 2012). By comparing the activity counts to the chosen criterion measure, 

thresholds are developed for the different intensities; these thresholds are what is referred to as 

cut points (Kim et al., 2012). Subsequently, the accuracy of these laboratory developed measures 

are then typically assessed using an independent validation study, often in a free-living 

environment (Kim et al., 2012). 

Although count based metrics and cut points are widely used, there are considerable 

drawbacks (Montoye et al., 2014; Kim et al., 2012). Despite the fact that analyzing data within 
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the commercial software is seemingly user friendly, the algorithms that transform raw 

accelerometer output into activity counts is proprietary, and therefore limits the ability to 

compare findings across large studies that may use different accelerometer devices and their 

corresponding software (Montoye et al., 2014). The lack of standardization in this field is further 

perpetuated by the overwhelming number of cut points that are available; researchers are thus 

required to choose a cut point that is ‘the most appropriate’ for their experimental paradigm, as a 

universal option has not yet been declared (Kim et al., 2012) however published studies may not 

be appropriate for their specific research questions. Studies comparing the equivalence of data 

following the application of published cut point algorithms have demonstrated that the 

communicated health outcomes can be drastically different (Bornstein et al., 2011, Trost et al., 

2011). This phenomenon has been named the cut point equivalence problem or the cut point 

conundrum (Bornstein et al 2011). Applying cut points that were created using different 

calibration measures such as accelerometer brand, age group or epoch length is therefore highly 

problematic (Rowlands et al 2014), and further highlights the problem of continuing to use these 

methods in longitudinal cohort-based studies.  

Unfortunately, the lack of transparency, and standardization of count-based algorithms 

afflicts the field of movement behaviour research (Kim et al., 2012), making it impossible for 

researchers to make global comparisons. This observation further highlights the importance of 

improving current practices and moving towards the use of raw accelerometer processing 

methods (Bai et al., 2016).   

2.2.4 Overview of raw accelerometer methods  

 As previously outlined, it is evident that using count-based metrics to analyze movement 

behaviour data poses a multitude of challenges (Kim et al., 2012). In more recent years, multiple 

manufacturers, such as Actigraph, have made it possible for researchers to obtain data in its raw 

form, as gravitational equivalents. Typically, data readily available for download are raw 

acceleration pertaining to the x, y and z axes (1g = 9.81m/s2); in these data no thresholds have 

been applied nor have any composite measures been calculated, such as resultant vector 

magnitude.  
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 Moving towards movement behaviour data quantified in its raw form will foster 

transparency within the field and theoretically harmonize methodologies across data sets 

(Rowlands et al., 2014; van Hees et al., 2016). Conceptually, this would allow researchers to 

make widespread comparisons, however it is important to note that prior research suggests that 

one cannot make the assumption that raw output obtained using different brands of 

accelerometers is equivalent (Rowlands et al., 2015). For example, although it is commonly 

referred to as ‘raw’ in both the literature and by Actigraph in online manuals 

(https://actigraphcorp.com/actigraph-link/), in actual fact this is not true. As previously 

mentioned, the data that are available for download from Actigraph have been filtered and down 

sampled. Consequently, the comparability of the raw output has been studied. Rowlands et al. 

(2015) explored this in their work using Actigraph and GeneActiv accelerometers, mounted at 

both the hip and the wrist. It was discovered that although correlated, the calculated vector 

magnitude of the raw output from the different brands was significantly different; the magnitude 

of the acceleration output acquired through Actigraph was significantly lower (Rowlands et al., 

2015) and the output derived according to the GeneActiv monitor was 12-17% higher (Rowlands 

et al., 2015). Similarly, a study performed by John et al. (2013) used a centripetal shaker table 

with a fixed radius of 5.08 cm to compare the raw output of the GeneActiv device and the 

ActiGraph (GT3X+ model). They found that the output from the GeneActiv device was 

significantly higher compared to the Actigraph (GT3X+ model) and that as the frequency of the 

shaker table increased (0 Hz to 4Hz) so did the variation between the devices. However, the 

results indicated that Actigraph (GT3X+ model) yielded acceleration values that more closely 

resembled the centrifugal accelerations during all frequencies (John et al., 2013). The reason for 

this disparity between the different devices remains unknown but is likely due the differential 

internal signal processing and of the devices, however more research is needed in order to fully 

comprehend and address these issues (Rowlands et al., 2015).  

Although there are major benefits associated with analyzing data quantified in its raw 

form, such as researchers having greater control of processing decisions, this requires greater 

involvement on the part of the research team (Bai et al., 2016), and may also present challenges 

associated with data management due to the size of resulting files. Decisions need to be rendered 

concerning calibrating, filtering and calculating a composite acceleration-based measure (de 
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Almeida Mendes et al., 2018). Similar to issues around count-based analyses, further discussion 

is needed to develop a standardized approach to accelerometer processing procedures (de 

Almeida Mendes et al., 2018). The remainder of this Chapter will explore different approaches 

that researchers have taken to date regarding raw accelerometer signal processing techniques.  

 

2.2.5 Calibration 

 One operation that is seldomly discussed in the literature is the approach taken to 

calibration. According to Actigraph, each monitor is initially calibrated prior to distribution as a 

quality control measure designed to remove possible variance between their devices 

(https://actigraphcorp.com/actigraph-wgt3x-bt/). The output voltage at 1 g is determined and then 

used to calculate the equivalent calibration coefficient; this coefficient then remains the same 

throughout the devices’ lifetime (https://actigraphcorp.com/actigraph-wgt3x-bt/).  

 As previously stated, the acceleration captured by the monitor is originally in the form of 

an electrical signal (capacitance accelerometer) and then converted to acceleration (van Hees et 

al 2014). The relationship observed between these measures is linear, involving an offset and 

gain factor (van Hees et al 2014). During non-movement conditions, it is possible to reassess the 

calibration of the device, using the local gravitational acceleration as a reference (van Hees et al., 

2014). However, this may not be feasible for large longitudinal studies to track down old 

monitors (van Hees, et al., 2014). To address this issue, van Hees et al. (2014) developed, using 

the freely available R Project for Statistical Computing (https://www.r-project.org/), a package 

(GGIR; https://cran.r-project.org/web/packages/GGIR/index.html) that uses collected data to 

auto calibrate the device. Theoretically, if the triaxial accelerometer is perfectly calibrated, when 

the vector magnitude, or Euclidean norm is calculated from the 3 axes, it should be equivalent to 

1 g (van Hees et al., 2014). Using this information as a guide, this algorithm, initially developed 

using the GENEActiv monitor, will scan for periods of non-movement within the data, and will 

optimize the offset and gain factors for the x, y and z axes in order to reduce the calibration error 

(van Hees et al., 2014).  

https://www.r-project.org/
https://cran.r-project.org/web/packages/GGIR/index.html
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2.2.6 Filtering 

 Another important methodological step that needs to be considered prior to data 

interpretation, is signal filtering. Standardized methods to filtering have yet to be developed, 

which in turn limits the ability of researchers to compare results of different cohort studies (de 

Almeida Mendes et al., 2018). Upon reviewing the literature, it is obvious that this limitation is 

approached differently by different research groups. For many published manuscripts, data were 

either left unfiltered or rely solely on the filtering initially implemented by the manufacturer 

(depending on the brand that is used) or the specifics of the filtering technique were simply 

unreported (Hurter et al., 2019; Steenbock et al., 2019; Montoye et al., 2015; Montoye et al., 

2016; Phillips et al., 2013; He et al., 2014; Bastian et al., 2013; Zhang et al., 2012; Vähä-Ypyä et 

al., 2013).   

When filtering has been applied/reported by scientists a mix of low pass, high pass and 

bandpass filters have been used. As previously mentioned, the resulting accelerometer signal 

contains information relating to not only the kinematic (human movement), but also the 

gravitational component (Corder et al., 2008). The magnitude of this gravitational component is 

anywhere between -1g to 1g, depending on the degree of tilt present in the system (Mathie et al., 

2004). Obviously when analyzing movement behaviour data, it is the kinematic component that 

is of interest, therefore high pass filters are commonly used to remove this gravitational 

component (Rowlands et al., 2015). For example, Rowlands et al (2015) applied a first order 

high pass filter (filter cut off of 0.3 Hz) to accelerometer data collected at the hip and wrist of 

women aged 35-45 years as they were concerned about this gravitational component. Recently 

the role of sedentary behaviours in relation to health status has become an area of interest, 

therefore depending on the research question being addressed, retaining as much of the low 

frequency signal content may actually be of interest to some groups.  

As aforementioned, noise is another component that contaminates a signal (Corder et al., 

2008). Briefly, contributing sources of noise may include movement of the device against 

clothing, or interfering signals from other electronics (Corder et al., 2008) which would 

introduce higher frequencies into the signal. Accordingly, some research groups have 
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approached signal processing differently, utilizing low pass filtering techniques (Rosenberger et 

al., 2016; Rosenberger et al., 2013; Skotte et al., 2014; Zhang et al., 2012).  

Lastly, the merging of these two processing techniques has been applied by multiple 

research groups, i.e., they have applied a band pass filter to remove both the gravitational and 

noise components from the signal (e.g., Schaefer et al., 2014; Arvidson et al., 2019; van Hees et 

al., 2009; Brandes et al., 2012; Fridolfson et al., 2019). Evidently, the lack of harmonization 

between studies has the potential to limit cross cohort comparisons, therefore it is necessary for a 

standardized approach to be suggested (de Almeida Mendes et al., 2018).  

2.2.7 Composite Measures 

 Many studies analyze data using triaxial accelerometers. Often, the three-dimensional 

signal is transformed into a single composite measure (de Almeida Mendes et al., 2018) 

reflecting the full body movement that occurs on all three planes. A variety of formulas have 

been used in this calculation for different purposes.  

2.2.7.1 Vector Magnitude 

 The most commonly adopted metric is signal vector magnitude or SVM (de Almeida 

Mendes et al., 2018; Bouten et al., 1994; Zhang et al., 2011; Aittasalo et al., 2015; Vähä-Ypyä et 

al., 2015). 

SVM = (x2+y2 + z2)1/2     Equation 1 

Analyzing data in the form of this composite measure simplifies the analysis and reflects 

the longitudinal, anterior-posterior and medial-lateral movements of an individual (Howe et al., 

2009). 

While not as popular, an additional composite metric that has been used is denoted as the 

mean amplitude deviation or MAD (where n is equal to the number of samples in the epoch, 

SVMi is the ith sample within the epoch and SVMmean is the mean value of the selected epoch 

(Vähä-Ypyä et al. 2014). 
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MAD= 1/n ∑j+N−1 |SVMi – SVMmean|   Equation 2 

This metric dictates the mean distance of data points about the mean of the signal during 

a selected epoch, in the case of (Vähä-Ypyä et al. 2014) the selection was 4.3 seconds. This 

study concluded that MAD is device-independent and that results were comparable when 

analyzing data from different monitor brands and sampling rates.  

2.2.7.2 Euclidean Norm Minus One  

 Incorporating concepts from the previous section, another popular metric that has been 

widely implemented is known as the Euclidean norm minus one (ENMO). As discussed earlier, 

the magnitude of the gravitational component can vary anywhere from -1 g to 1 g (Corder et al., 

2008) depending on the tilt of the device. This would be particularly evident in the data for static, 

steady state and non-rotational movements (van Hees et al., 2013). Instead of using a high pass 

filter to remove this component, the ENMO method takes the value obtained from the SVM and 

subtracts gravity (1 g); any values that are found to be negative are rounded to zero. 

SVM = ((x2+y2 + z2)1/2) -1   Equation 4 

 van Hees et al. (2013) investigated the ability of different processing methods to remove 

the gravitational components, including ENMO unfiltered, ENMO + high pass filter and ENMO 

+ low pass filter using both in lab and free-living validation studies. It was concluded that none 

of the evaluated metrics significantly surpassed the others, however within the GGIR package 

developed by Van Hees, the unfiltered ENMO metric was implemented and as a result has been 

widely adopted for accelerometry analysis (Hildebrand et al., 2014; Hildebrand et al., 2016; 

Hibbing et al., 2018; Buchan et al., 2018; Hurter et al., 2018; Crotti et al., 2020; Clevenger et al., 

2020). 

 Upon calculating the ENMO metric, if a negative value is returned, it is round up to 0 

(van Hees et al., 2013). Although conceptually this may appear to be rational, the initial study 

performed by van Hees et al (2013) used GeneActiv accelerometers, which have been found to 

have a higher output when compared to Actigraph monitors (Rowlands et al., 2015; John et al., 

2013). It is possible that by subtracting the value of 1 and rounding negative values to zero, we 
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may be losing important information pertaining to low frequency movement behaviours, such as 

sleep and sedentary behaviours, particularly if the devices have calibration error.  

 The use of the ENMO metric needs to be further explored in various brands of 

accelerometers and in controlled laboratory settings. Gyroscopes, such as those housed within 

the GT9X, can also be used to extrapolate/predict an individual’s posture and is also another 

promising method to decipher the gravitational component versus kinematic component of 

movement during free living data measurements (van Hees et al., 2013). 

2.2.8 Analyzing and Visualizing Data 

A variety of analysis techniques have been used to visualize and discern raw 

accelerometer data. One example is thresholding techniques, similar to cut points where 

calibration studies are conducted, usually involving some cross reference for energy expenditure 

(e.g., calorimetry) to create thresholds of different activity intensities (Hildebrand et al., 2014). 

These thresholds are then used to compute the amount of time children spend in different 

movement behaviours in a free-living scenario (Hildebrand et al., 2014). Another emerging 

method that is being used is machine learning-based models to observe patterns of energy 

expenditure and activity (Steenbock et al., 2019; Montoye et al., 2015; van Hees et al., 2018). 

This is achieved through advanced statistical modeling and can be carried out using various 

techniques such as Artificial Neural Networks, Decision Trees, Support Vector Machine and 

Naïve Bayes (de Almeida Mendes et al., 2018).  A consensus on which machine learning model 

is superior has yet to be reached in the literature and accuracy is most likely dependent upon 

what type of activity is being assessed (de Almeida Mendes et al., 2018).  

  Further research is needed to collate machine learning and thresholding approaches with 

particular care being placed on comparing derived measures (activity patterns (machine learning) 

versus time participating in activities (thresholds)) as when unadjusted they cannot be directly 

compared (de Almeida Mendes et al., 2018).  

 Compositional analysis is a subsequent method of examination that has been applied to 

different accelerometer data sets such as those analyzed using thresholding techniques (Carson et 

al., 2019). This method of analysis examines the interaction and relationship between the 
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different movement behaviours, for example a decrease in MVPA that results in an increase of 

sedentary behaviour. Only recently has this compositional analysis technique been applied in the 

movement behaviour field. Preliminary results from this work suggests that the distribution of 

time spent doing different activities over a 24-hour period is related to different health metrics 

(Dumuid et al., 2017).  

2.2.8.1 Amplitude Probability Distribution Function 

 Amplitude probability distribution function (APDF) is a popular methodology among 

ergonomists to profile muscular load over a period of time using electromyography (EMG; 

Jonsson, 1982). For EMG data this is achieved by rectifying the data, creating an amplitude 

histogram then converting this to a cumulative histogram which is then transformed into the 

amplitude probability distribution curve (Jonsson, 1982). At a given level of contraction, the 

amplitude probability is the probability of the EMG signal being lower or equal to the 

contraction level (Jonsson, 1982). For a probability level of P=0.5 this would be indicative of the 

median contraction level (Jonsson, 1982). These curves can then be extrapolated to determine 

whether an individual is working between a healthy boundary of muscle contraction. APDFs 

have also been applied in other studies to analyze different postures (% of flexion; Callaghan & 

McGill 2001).  

 Using a similar premise for compositional analyses, this thesis will explore the possibility 

of applying a similar data processing approach to characterize and visualize the raw acceleration 

signal content of preschool aged children.   

2.3 Measuring Movement Behaviours via Accelerometry 

2.3.1 Why Measure Movement Behaviours? 

 

Behaviour over a 24-hour cycle can be described as a continuum of movement/non-

movement, with time being distributed between different behaviours, such as sleep, sedentary 

behaviour and physical activity (PA) (Carson et al., 2017). As previously mentioned, these 

behaviours have collectively been defined as movement behaviours (Tremblay et al., 2016). 

These behaviours are often studied within the context of health, and variables that are frequently 

investigated include moderate to vigorous physical activity (MVPA), light physical activity 



 

 

 

25 

(LPA), sedentary behaviour and sleep. This field of study has gained the interest of public health 

(Tremblay et al., 2016) and consequently, organizations led by researchers have launched 

guidelines outlining the number of minutes that should be acquired in each movement behaviour 

(WHO; CSEP).  The Canadian Society for Exercise and Physiology (CSEP) is an example of 

this, where content experts, methodologists, stakeholders and end users convened to develop 

guidelines (CSEP, 2018; https://csepguidelines.ca/early-years-0-4/). In order to ensure proper 

growth and development, guidelines are specific for different age groups in order to reflect what 

is important for proper growth and development at that time. For example, it is indicated that 

toddlers (1-2 years) should acquire a cumulative of 180 minutes of PA at any intensity, 11-14 

hours of sleep including naps and nighttime sleep, and that they should not spend more than 1 

hour in front of screens (CSEP, 2018). Whereas school age children (5-13 years) should acquire 

an accumulation of 60 minutes of MVPA, several hours of LPA per day, 9-11 hours of 

uninterrupted sleep per night and no more than 2 hours of recreational screen time (CSEP, 2018).  

Measuring free-living behaviours helps researchers to understand the experienced movement 

behaviours of individuals at different ages and provides insight into the manifestation of lifestyle 

disease such as obesity.  

 

2.3.2 Role of high intensity activity in movement behaviour research 

 

 In previous years, research has been focused on quantifying the relationship between an 

independent movement behaviour and health (Carson et al., 2017). It is well established that a 

reduction in daily PA is related to an increase in adiposity measures in children (Jago et al., 

2020). Acquisition of PA, specifically MVPA and LPA, has been thoroughly researched across 

the lifespan using both count-based and raw approaches (Cain et al., 2013; de Almeida Mendes 

et al., 2018). In the PA literature, intensities are consistently differentiated and studied as 

separate independent variables (i.e., vigorous physical activity, MVPA, moderate physical 

activity and LPA). Even in the defined guidelines for children as young as 3 years, this 

distinction is clear (CSEP, 2018).   

 Most research studies that have applied an intensity threshold approach using raw data, 

have provided one threshold to identify low intensity behaviour, and then subdivided PA into 

light, moderate and vigorous intensity categories (e.g., de Almeida Mendes et al., 2018). The 
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confusion is that unfortunately, computed thresholds are non-identical across different data sets 

for both adult (Hildebrand et al., 2014; Vähä-Ypyä ) and pediatric populations (Phillips et al., 

2014; Hildebrand et al., 2014; Schaefer et al., 2014; Aittasalo et al., 2015).  For example, 

Hildebrand et al. (2014) and Vähä-Ypyä et al. (2015) produced thresholds for an adult population 

wearing waist worn accelerometers, however their results are very distinct. Hildebrand et al. 

(2014) published thresholds for the Actigraph monitor (LPA: <69.1 mg, MPA: 69.1-258.7 mg, 

VPA: >258.7 mg) and the GeneActiv monitor (LPA: <68.7 mg, MPA: 68.7-266.8 mg, 

VPA: >266.8 mg) that are quite different from that reported by Vähä-Ypyä et al. (2015) who 

created waist thresholds for the hookie monitor (accelerometer brand; LPA: 91 mg, MPA: 91.1-

414 mg, VPA: 414 mg).  

Similarly, obtained threshold values for sedentary, LPA, MPA and VPA, are also equally 

distinct across research groups who use pediatric populations (Phillips et al., 2013; Hildebrand et 

al., 2014; Schaefer et al., 2014; Aittasalo et al., 2015; Crotti et al., 2020). These observed 

differences can be attributed to diverging data acquisition techniques such as accelerometer 

brands, placements, age of the population but they may also be attributed to different signal 

processing steps, such as filtering or calculation of composite measures.   

 

2.3.3 Role of low intensity activity in movement behaviour research 

 

 Collectively, movement behaviours can be broken down into categories of movement 

within specific frequency or amplitude bands (as described above) and the lack of movement 

(movement corresponding to a lower frequency/amplitude thresholds). The remainder of this 

chapter will focus particularly on low frequency behaviours, such as sleep and sedentary 

behaviours. 

Sedentary behaviour has been defined as occurring in a seated or reclined posture while awake, 

with a low energy expenditure (EE); for children this has be defined as 2 METs (metabolic 

equivalent; Tremblay et al., 2017; Saint-Maurice et al., 2016) Note that 1 MET refers to the 

amount of oxygen consumed while at rest and is therefore often used to reflect the associated 

energy cost of different activities as a ratio of energy expenditure at rest (Jetté et al., 1990). 

METs are often used as a physiological reference in accelerometry studies (Kozey et al., 2010). 

Previous research has shown that individuals of all ages spend a large portion of their day being 
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sedentary (Carson et al 2017). Historically, it was believed that a reduction in MVPA was the 

strongest affiliation movement behaviour research had with obesity (Carson et al 2017), yet 

current beliefs are moving towards the idea that the drastic increase in obesity rates is more 

strongly related to increasingly sedentary lifestyles that is discernible at different ages (Tremblay 

et al., 2011; Biswas et al., 2015; Brocklebank et al., 2015). In addition to sedentary behaviour, 

sleep is another inherent low intensity movement behaviour and has been broadly studied in 

relation to overall health as it is an essential lifestyle factor (Miller et al., 2015). The movement 

patterns that are associated with sleeping (or napping) are composed of low amplitudes and is 

accompanied by low associated energy expenditure, similar to what would be measured during 

sedentary behaviour, however sleep does not satisfy the definition of sedentary behaviour 

(waking activity; Tremblay et al., 2017), and is considered a separate movement behaviour. 

Similar to PA and sedentary behaviour, the link between sleep and the development of lifestyle 

diseases such as obesity, is well established, with poor sleep (curtailment or quality) being linked 

to the development of childhood obesity (Miller et al., 2015).  

 Compared to the higher intensity movement behaviours such as LPA and MVPA that 

have clear distinctions (e.g., walking versus running), differentiating low frequency behaviours is 

challenging. Reading, napping, coloring, sleeping, sitting in a car, and educational/recreational 

time in front of screens are all activities that fall into the sedentary behaviour category for young 

children (Ainsworth et al., 2011). Although the associated energy expenditure of these activities 

is relatively low (Ainsworth et al., 2011) their implications for healthy development are very 

different. Whether current free living measurement tools, such as accelerometers, are capable of 

providing consistent enough measures to make these distinctions is unclear. 

 

2.3.4 Frequency differentiation in a laboratory setting 

 

 Although the intended use of these monitors is for free-living analyses, it is important to 

initially distinguish the sensitivity of these monitors to low frequency movements in a controlled 

setting. John et al. (2013) used a centripetal shaker table with a fixed radius of 5.08 cm to 

compare the raw output of the Actigraph GT3X+ and the GENEA monitor at frequencies of 0.7, 

1.3, 2.3, 3.3 and 4 Hz (resulting amplitudes ranged from 0.007-3.241 g for the Actigraph device 

and 0.006-3.483 g for the GENEA). They discovered in their testing that the acceleration output 
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of the monitors was different for the tested frequencies, and the output between brands was 

significantly different. This study used an older Actigraph model that cannot be purchased 

anymore. Similarly, another study by Silva et al. (2010) used a shaker table to assess the 

technical reliability of an Actigraph accelerometer, however similar to the study by John et al. 

(2013), an older model was tested and only involved frequencies between 1.5 and 2.5 Hz. The 

focus of these studies was not to test the consistency of the different monitors to differentiate low 

frequency oscillations which result in low amplitudes and as such, more testing of lower 

frequencies is still needed in order to assess their fidelity in the wGT3X-BT and the GT9X 

models. 

 

2.3.4.1 Free-living assessments of sedentary behaviour using raw accelerometry 

thresholds 

 

A number of studies have used raw accelerometer threshold approaches to characterize the 

movement behaviour patterns of various populations (Hildebrand et al., 2016; Crotti et al., 2020; 

Hurter et al., 2018; Phillips et al., 2018), however, few have identified different thresholds for 

different sedentary behaviours in young children. This was the aim of the study performed by 

Hurter et al. (2018) that aimed to identify raw acceleration signal thresholds for different 

sedentary behaviours in a cohort of children aged 9-10 years. They processed their data using the 

GGIR package developed by van Hees (https://cran.r-project.org/web/packages/GGIR/). Recall 

that this statistical package auto calibrates data to reduce calibration error and uses the previously 

described ENMO metric to obtain a composite measure based on raw accelerometer data (Hurter 

et al., 2018). Children (aged 9 to 10 years) were asked to wear Actigraph monitors on both wrists 

and hip and GeneActiv monitors on both wrists, while completing seven different activities, (this 

included: resting, TV viewing, seated tablet play, seated LEGO play, seated homework, standing 

phone and walking; Hurter et al., 2018). According to the factorial ANOVA used in the study, a 

significant main effect of activity was found, with pairwise comparisons revealing that the 

majority of activities were significantly different from one another (Hurter et al., 2018). 

Furthermore, it was found that across the seven stations the output from the hip versus wrist 

worn devices were significantly different (Hurter et al., 2018). 

https://cran.r-project.org/web/packages/GGIR/
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 Another study performed by Hildebrand et al (2016), created thresholds for sedentary 

activities, standing and stepping activities. The aim was to develop sedentary thresholds for the 

hip and wrist using Actigraph and GeneActiv in child and adult populations. The children 

enrolled in the study were aged 7-11 years and similar to Hurter et al. (2018) the ENMO metric 

was used (Hildebrand et al., 2016). Interestingly, derived thresholds were significantly higher for 

the hip than the wrist placement, and higher in children compared to adults (Hildebrand et al., 

2016). It was concluded that future research groups should work to refine and develop raw 

thresholds for copious populations (Hildebrand et al., 2016).  

 Crotti et al. (2020) developed raw thresholds for hip and wrist worn Actigraph models for 

PA and sedentary behaviour using a cohort of 5-7-year-old children. Explicitly, the aim of this 

study was not to develop sedentary thresholds though the output of various sedentary activities 

was presented, including watching tv, sitting while colouring, playing with a tablet and playing 

with Lego (Crotti et al., 2020). Unfortunately, the authors of this work did not indicate whether 

the data belonging to the different sedentary activities had explicitly different amplitude content; 

rather the researchers collapsed their frequency analysis across these activities to create one 

threshold that they used to represent ALL sedentary behaviour captured using the different 

monitor brands and placement (Crotti et al., 2020). 

   

2.3.5 Gap to date 

 

Presently, many researchers in the field are in support of the notion that raw 

accelerometry analyses will further our abilities to make wide scale comparisons by 

standardizing specific parts of the analytical processes. However, upon reviewing the literature it 

is clear that analytical techniques are distinct across current research groups active in this area of 

study. To reiterate, the signal captured by an accelerometer contains both relevant signal and 

noise content (Bouten et al., 1997); researchers can apply various signal processing techniques in 

their attempt to separate these signal components from each other. As previously introduced in 

this chapter, a methodology that has been used quite frequently in recent in field-based 

accelerometer research is termed ENMO (van Hees et al., 2013). This technique aims to isolate 

acceleration signal content due to human movement by removing the gravitational component 

based on signal amplitude. Similarly, high pass or bandpass filters may be applied to remove 
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acceleration due to gravity, however this signal processing approach is based on isolation of 

specific signal frequency components. As such, lowpass or bandpass filters can be implemented 

to remove high frequency noise within the signal (Bouten et al., 1997). These different 

approaches have previously been implemented separately in the literature but to our knowledge, 

a direct comparison between these signal processing approaches has not yet been conducted. 

Evidently the act of simply using raw accelerometer data will not satisfy the aforementioned goal 

of furthering our abilities to make wide scale comparisons between different research studies; 

although raw data processing of accelerometry derived metrics of free-living behaviours is 

currently preferred over count-based analyses (van Hees et al., 2016) it is clear that work needs 

to be done to determine appropriate standardized processing steps.  Given that these processing 

steps may have significant impact on the resulting signal which, in turn may change our 

interpretation of the movement behaviours, it is the aim of this thesis to articulate the effect that 

different processing techniques have on the raw accelerometer signal.  

Furthermore, it is important to note that in the context of objective monitoring many 

sedentary behaviours are composed of low amplitudes (Crotti et al., 2020). In fact, various 

activities that young children participate in fall under the scope of sedentary behaviour e.g., 

reading, playing with blocks. There is current evidence to suggest that modern lifestyles have 

become increasingly sedentary (Lou et al., 2014; Owen et al., 2010) however many sedentary 

activities have been shown to have widely different effects on health with respect to emotional, 

social and physical development, as well as academic achievement (Carson et al., 2016).  

It is unclear, whether the accelerometers that researchers are commonly using for free-living 

analyses are really capable of providing consistent enough measures that would be required for 

the differentiation of many low frequency movements. Furthermore, there may be device specific 

settings that could impact the tracking of sedentary activities, such as the effect that Actigraph 

specific setting parameters like ISM on captured data. This thesis will explore these concepts in 

detail.  
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3. Study Objectives and Hypothesis 

 

 Overall, this thesis will set out to characterize the nature of raw acceleration amplitude 

using different signal processing techniques, specifically it will clarify the ability of different 

accelerometer models to measure low amplitudes. This body of work is comprised of two 

separate studies, with two Bridging chapters that will be used to link the ideas between these two 

experiments and provide supplementary information. Although these chapters can be read 

independently, the first Bridging chapter provides context for the importance of Study 2 within 

the field of movement behaviour research. With respect to the framework of this thesis, the 

second Bridging chapter is meant to provide justification for the analysis of data presented in 

Study 2. The specific objectives and hypotheses of the thesis are as follows:  

 

Study 1. Accelerometry has been widely implemented to study the free-living movement 

behaviour of various populations. The most popular analytical methods involve the use of 

activity counts however, the proprietary nature of these measurements limits the ability of 

researchers to make widescale comparisons. As a result, many researchers have transitioned to 

using raw accelerometry. Although analyzing accelerometer data quantified in its raw form is 

advantageous, it requires a greater involvement on the part of researchers with respect to data 

processing decisions. These include decisions such as filtering and the calculation of composite 

measures. It is therefore important for researchers to have a strong understanding of how 

processing decisions have a direct effect on the raw signal composition of accelerometer data 

acquired from free-living data sets with respect to the amplitude of the acquired frequency 

content.  To this end, Study 1 will use amplitude probability distribution functions (APDFs) to 

exhibit and compare the effect of different signal processing techniques on the range of the raw 

acceleration signal pertaining to the movement behaviours of a large cohort of preschool children 

across the span of a measurement period. 

Hypotheses: 

1) It was hypothesized that the range of accelerations produced by the preschool aged 

children enrolled in the Guelph Family Health Study (GFHS) would be the lowest when a 

Euclidean norm minus one (ENMO) technique was applied to the data, and greatest when 

data was analyzed using vector magnitude low pass filter technique.  
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2) Furthermore, it was expected that the greatest amplitude range variation for the different 

processing approaches would be found between the ENMO and vector magnitude low 

pass filter techniques, whereas the amplitude composition would be the most similar 

between the ENMO and vector magnitude bandpass filter techniques. 

 

Bridging Study 1. Using a case series approach we will explore, in depth, the raw acceleration 

output produced by four young female children (aged 3 to 7 years) during activities commonly 

experienced by preschoolers and the impact that different signal processing techniques have on 

the resulting signal amplitude. When analyzing raw accelerometer data, various research groups 

have developed raw threshold values to link acceleration signals to known activities using an 

observation-based approach. These approaches have been developed for use with accelerometer 

data acquired from adults (Hildebrand et al., 2016), adolescents (Schaefer et al., 2014) and 

school aged children (Hurter et al., 2018; Crotti et al., 2020), however to our knowledge, there 

are no published thresholds for preschool aged children. Furthermore, very few studies have 

aimed to develop raw thresholds for different sedentary behaviours (Hurter et al., 2018). 

Therefore, the aim of the work outlined in this Bridging Chapter was to capture free-living 

movement patterns for a set of prescribed low-frequency movements in preschool aged children 

using two Actigraph models that are currently in circulation around the globe (wGT3X-BT and 

GT9X). The included seven activities consisted of watching television, playing on a tablet, 

homework or colouring, sleeping, resting supine, walking and running. The acceleration 

amplitudes across these different activities, participants and accelerometer models were explored 

using the ENMO and frequency-based filtering techniques.  

Hypotheses: 

1) It was hypothesized that out of the three different processing approaches applied to the 

data set, the thresholds quantified using the ENMO approach would result in the lowest 

magnitude, followed by the vector magnitude bandpass filtered and lowpass filtered data. 

As such, it was expected that the greatest variation would exist between the vector 

magnitude lowpass and ENMO, and the smallest variation would result in the vector 

magnitude bandpass and ENMO techniques.  
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2) Based on the fact that the sensor housed within both the wGT3X-BT and GT9X monitors 

are identical models, and both undergo identical initial processing, it was expected that 

the mean output of these two devices would be statistically equivalent.   

 

Bridging Study 2. The aim of this bridging chapter was to clarify how concurrent use of the 

idle sleep mode (ISM) and inertial measurement unit (IMU) affects the data acquisition of the 

GT9X primary accelerometer at low frequency amplitudes. The GT9X Link monitor was 

released in 2014 and unlike previous Actigraph models, this device contains an IMU that can 

be enabled or disabled for data collection; it houses a gyroscope, magnetometer, secondary 

accelerometer and thermometer. Researchers have the option to enable both the IMU and 

ISM in the GT9X device, however, it has come to our attention that the interaction of the 

ISM and IMU is not clearly outlined in software manuals.  

Hypotheses: 

1) It was hypothesized that the ISM and IMU would act independently from one another, 

and that the ISM enabled in the GT9X primary accelerometer would behave identically 

with respect to the mean, minimum, maximum and range of the output signal despite the 

selection of the IMU. 

 

Study 2. To determine whether Actigraph accelerometers, wGT3X-BT and GT9X models, are 

capable of consistently differentiating low frequency oscillations in comparison to high-grade 

accelerometers and how this is further affected by the ISM setting parameter. With rapid 

technological advancements in recent years, there has been a notable shift towards increasingly 

sedentary lifestyles in both adults and children. Although we are spending more time in low 

amplitude activities, it is widely stipulated that these ‘sedentary’ activities contribute differently 

to the healthy cognitive, physical and emotional development of a child. In addition to the results 

from Study 1 of this thesis, which suggests that preschool aged children in the Guelph Family 

Health Study spend the majority of their time participating in low amplitude movements, the 

findings from Bridging Chapter 1 demonstrate that raw accelerometer output during different 

sedentary activities all exist within a low amplitude band. If accelerometers are capable of 

deciphering the nature of these low amplitude activities this information could further our 

understanding of children’s movement behaviours and their link to overall health. Furthermore, 
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the ISM is an initialization parameter, designed to preserve the battery life of these monitors, yet 

it is rarely discussed in the literature. Although not a concern for the higher intensity movement 

behaviours, the ISM’s effects on the data validity of low amplitude and frequency movements 

has yet to be established. Given that these lower frequency or amplitude movements comprised 

40-90 % of the GFHS preschool aged children’s wear time (Crotti et al., 2020), it is critical for 

researchers to ensure that assessments in a free-living environment are being accurately 

represented in accelerometery based research. Given the challenges inherent in conducting free-

living accelerometer-based work in young children, it is first necessary to establish how these 

accelerometers perform in a controlled laboratory setting. In the current thesis, this was 

investigated using a 6 degree of freedom robot to introduce controlled low frequency 

oscillations, and was separated into a Part 1, where the ISM was disabled in the Actigraph 

devices and a Part 2, where the ISM was enabled in the Actigraph devices. 

Hypotheses: 

1) For Part 1, it is expected that all of the Actigraph monitor models used in the GFHS will 

be able to differentiate the introduced frequencies and that data captured by the wGT3X-

BT and primary GT9X accelerometers will be statistically equivalent due to the fact that 

these monitors are all subject to the same internal processing chain. Although often 

referred to as ‘raw’ signals, the Actigraph devices do have some initial signal processing 

prior to the data being exported, unlike high-grade accelerometers used in more 

controlled laboratory settings. Consequently, we expect that the output obtained from the 

secondary GT9X and high-grade accelerometers will be significantly different from the 

other Actigraph devices, with respect to the minimum, maximum and range of outputs, 

measured during the low frequency oscillations when the ISM is disabled.  

2) Given the information provided by the manufacturer about the internal processing of the 

Actigraph ISM (https://actigraphcorp.force.com/support/s/article/Idle-Sleep-Mode-

Explained), it is expected that frequency trials from Part 1, where the ISM was disabled, 

that evoked maximum amplitudes greater than >40 mg, will cause the devices to exit ISM 

and the data will be equivalent statistically between the Actigraph models.  

 

In summary, the general aim of this thesis is to investigate raw accelerometer signal 

composition with the intention of establishing device consistency using an in-lab validation 
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protocol that can, in the future, improve the signal processing of accelerometer data capture 

during free-living behaviours in preschool aged children.  
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4. Study 1 – Exploring the effects of different processing methods 

on the range of acceleration amplitudes experienced by 

preschool-aged children  

 

4.1 Abstract 

 

 To foster transparency within the field and improve the comparability between studies 

many movement behaviour researchers are moving away from count-based analyses and towards 

implementing raw based techniques for the processing of accelerometer data. Different 

processing approaches have been undertaken to perform these analyses, such as the calculation 

of the Euclidean norm minus one (ENMO) and frequency-based filtering approaches. The 

purpose of this study was to explore the effects of different processing techniques on the overall 

signal composition of free-living accelerometer data of preschool children. One hundred and 

thirty-seven preschoolers (n=137; 4.31 ±0.87 years), enrolled in the Guelph Family Health 

Study, wore Actigraph accelerometers on their right hip for 7 consecutive days of 24 hours. The 

raw data was subsequently analyzed using three techniques. Specifically, we compared 

amplitude probability distribution functions (APDFs) created following processing of the 

accelerometer data using the ENMO, vector magnitude (VM) bandpass filtered data and VM low 

pass filtered data approaches. To quantify the difference between the techniques, amplitudes 

corresponding to probabilities of 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9 and 1.0 were exported. 

The results indicated that the greatest variation in the range of outputs was found between the 

ENMO and VM lowpass techniques, with the VM lowpass technique yielding the greatest 

magnitudes and the ENMO yielding the lowest. The smallest variation was found between the 

ENMO and VM bandpass techniques. The findings from this study demonstrate that the choice 

of signal processing technique by researchers has a significant effect of the overall signal 

composition.  
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4.2  Introduction  

 

 A number of factors have been associated to the apparent rise in lifestyle affiliated 

diseases, such as obesity, which affect not only adults, but children as well. In addition to diet, 

socioeconomic status, environment, genetics, stress and emotional factors (Aparicio et al., 2016, 

Sahoo et al., 2015, Thaker, 2017; Hemmingsson, 2018), an overall change in the movement 

behaviours of humans has been highlighted (Sahoo et al., 2015; Davison et al., 2001). The term 

‘movement behaviours’ encompasses the typical behaviours humans experience over a 24-hour 

cycle, including physical activity (PA), sedentary behaviours and sleep (Tremblay et al., 2016). 

The WHO (2020) defines PA as ‘any bodily movement produced by skeletal muscle that requires 

energy expenditure (EE)’. Often in the literature, PA intensities are distinguished and their 

impact on health is studied independently. Light physical activity (LPA) refers to low intensity 

or leisure activity, whereas moderate to vigorous physical activity (MVPA) refers to the higher 

intensity activities that result in greater EE (Chaput et al., 2014). In contrast, sedentary behaviour 

refers to the categorization of waking activities that take place seated, reclined or lying down that 

are accompanied by a low EE, which for children has be defined as 2 METs (metabolic 

equivalent; Tremblay et al., 2017; Saint-Maurice et al., 2016). Note that 1 MET refers to the 

amount of oxygen consumed while at rest and is therefore used to reflect the associated energy 

cost of different activities, reflected as a ratio of energy expenditure at rest (Jetté et al., 1990). 

METs are often measured concurrently with accelerometer data in calibration studies as way to 

capture the intensity of an activity (Kozey et al., 2010). It should be noted that static activities 

taking place in a standing position typically do not fall under the categorization of a sedentary 

behaviour and are instead referred to as ‘stationary behaviours’ (Tremblay et al., 2017).  

The 24-hour movement behaviour guidelines, developed by the Canadian Society for 

Exercise Physiology (CSEP; https://csepguidelines.ca/), recommends preschool aged children 

(aged 3-4 years) acquire a total of 180 minutes of PA per day, with 60 of those minutes spent 

participating in MVPA. It goes on to explain that children at this age should not be restrained for 

over an hour at a time and should not surpass 1 hour of sedentary screen time a day. The CSEP 

further suggests that preschool children acquire 10-13 hours of sleep per night. Adhering to these 

guidelines is important as there is previous research to suggest that lifestyle habits established 

early in life progress into adulthood (Miguel-Berge et al., 2017).  
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 To appropriately capture the typical movement behaviours of humans, it is imperative 

that data acquisition takes place in a free-living environment. For this purpose, accelerometers, 

which measure the acceleration experienced by the body segment to which they are attached, 

have been widely implemented for commercial and research purposes in various populations 

(Yang et al., 2010). These devices are cost effective, efficient and allow for free-range 

movements that would otherwise be limited by a laboratory setting (Mathie et al., 2004). Triaxial 

accelerometers quantify the acceleration experienced on the X, Y and Z axes and when these 

signals are combined, a composite measure of an individual’s movement behaviour can be 

provided.  

The most popular methodology used by researchers to quantify the intensity of free-living 

physical activity, is in the form of arbitrary values known as activity counts (Bai et al., 2016). 

Activity counts are obtained by down sampling, filtering, applying a threshold and summating 

raw accelerometer data over a user specified epoch of time (Bai et al., 2016; Gabriel et al., 2010). 

Although this approach is relatively user friendly, previous concerns have been raised over the 

use of count-based measures. Data processing algorithms are automatically applied using various 

software platforms and often these processing steps contain proprietary (undisclosed) setting 

parameters, making it difficult to compare the results of scientific studies that use different 

accelerometer models and software processing techniques (Bai et al., 2016).   

Due to the issues associated with count-based measures, many researchers are moving 

towards quantifying data in its raw form. In theory, raw accelerometry analyses may allow 

researchers to harmonize processing approaches (van Hees et al., 2016). Various manufacturers, 

including Actigraph, the most popular brand of accelerometers (Wijndaele et al., 2015), have 

made it possible to download data in the form of gravitational equivalents (1 g = 9.8 m/s2). 

However, it is important to clarify that even these data have undergone initial processing, 

including down sampling and filtering, therefore the term ‘raw’ should be interpreted with 

caution. Despite the potential advantages afforded by working with raw accelerometery data, it 

should be noted that data analyses can be more cumbersome; data files are much larger in size 

which may lead to storage problems for large population-based cohort studies and additionally 

greater involvement on the part of researchers is needed with respect to signal processing 

decisions.  
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In addition to the kinematic component (acceleration due to human movement), other 

signal sources contribute to the overall acceleration signal quantified by accelerometers, 

including output due to gravitational acceleration and external noise (Bouten et al., 1997).  

Depending on the orientation of the accelerometer in reference to the earth’s gravitational vector, 

the gravitational component varies from -1 g to 1 g (Bouten et al., 1997). Additionally, external 

vibrations not produced by the body, such as movement of the monitor against clothing or 

motion associated to being in a vehicle may result in noise being introduced into the acquired 

data (Bouten et al., 1997). To isolate the acceleration due to human movement, some researchers 

have implemented filtering techniques to remove low and high frequency content resulting from 

gravity and noise (Rosenberger et al., 2016; Brandes et al., 2012; Fridolfsson et al., 2019). 

Another processing approach that has been proposed in movement behaviour science is known 

as ENMO (Euclidean norm minus one; van Hees et al., 2013). ENMO involves calculating the 

signal vector magnitude and then subtracting the acceleration due to gravity (1 g) and rounding 

negative values to 0 (van Hees et al., 2013).  

A standardized approach for raw accelerometry data analyses has yet to be established 

and the degree of variation between different approaches has yet to be effectively articulated. 

The overall objective of this study was to explore how different signal processing approaches, 

used amongst researchers (Brandes et al., 2012; Skotte et al., 2014; Hurter et al., 2018) affects 

the amplitude distribution of young children’s free-living raw accelerometer data. Specifically, 

this study sought to define the accelerometer signal composition according to the ENMO, vector 

magnitude (VM) band pass filter and VM low pass filter approaches and identify the amount of 

variation between the processing techniques using amplitude probability distribution functions 

(APDFs). This analytical method has been used by many researchers to quantify the distribution 

of a given signal over a trial period (e.g., used by ergonomists to determine the range of spine 

angles, expressed as percentage of range of motion, achieved by a participant while performing a 

task; Sidorkewicz & McGill, 2014). It was hypothesized that when the data were analyzed using 

the ENMO approach, the lowest acceleration amplitudes would be calculated, followed by the 

VM bandpass and VM lowpass techniques. In line with this, we expected that the greatest 

variation in the signal composition would be observed between the ENMO approach and the VM 

lowpass, whereas the smallest variation would be found between ENMO and VM bandpass 

techniques. 
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4.3 Methods  

4.3.1 Participants  

 

 The current analyses included baseline data from preschool aged children enrolled in the 

Guelph Family Health Study (GFHS). Using a longitudinal family-based cohort design, the 

intention of the GFHS is to evaluate the effectiveness of a family-based health promotion 

intervention and identify early life risk factors for the development of obesity. Families were 

deemed eligible to participate in the GFHS if at they had least one child between the ages of 18 

months to <6 years at the time of enrollment, they resided in Guelph or the surrounding area and 

had at least one parent who was able to respond to English language surveys. Children were 

deemed ineligible to participate in the GFHS if they were diagnosed with any pre-existing health 

concerns that may result in the delay of motor developmental milestones (e.g., spastic diplegia, a 

form of Cerebral Palsy).  

 From the original one hundred and ninety-four preschool aged children enrolled at 

Baseline, one hundred and thirty-seven preschool children (N=137; aged 3 to 6 years; 68 M) 

were included in this study. Specific exclusion criteria pertaining to the accelerometer data will 

be outlined in the data analyses section. This research protocol was approved by the Research 

Ethics board at the University of Guelph and at least one parent provided written consent for 

their child to participate in the study.  

 

4.3.2 Experimental Protocol 

 

 The children’s movement behaviours were measured using wGT3X-BT Actigraph 

accelerometers (ActiGraphTM, Pensacola, FL). At initialization, the sampling frequency was set 

to 100 Hz and the idle sleep mode setting was enabled to preserve battery life. Children were 

asked to wear the monitor on the iliac crest of their right hip for 7 consecutive days of 24 hours 

and to remove the monitor only for water-based activities such as swimming or bathing. In 

addition to the monitors, parents were provided with an activity log sheet where they were asked 

to report their child’s nighttime sleep onset, wake up and nap times, as well as when the monitor 

was removed, and the reason for removal (e.g., ‘bathing’ or ‘swimming’).  



 

 

 

41 

As the current study was focused on exploring the effects of signal processing on the 

amplitude distribution of free-living raw accelerometer data belonging to preschoolers, the 

children were required to have valid data reflecting all movement behaviours that occur over a 

24-hour cycle.  Thus, to be considered eligible for this analysis, children were required to have a 

measurement period that consisted of a minimum of 5 days recorded by the accelerometers. In 

order to confirm compliance with the study protocol, the accelerometer data were cross 

referenced with the activity log sheets. As such, if a parent failed to provide this written report 

the child was excluded from this specific data analysis.  

 

4.3.3 Data Analyses 

 

 Upon returning the monitors, the acquired data were downloaded, and raw data were 

exported to timestamped .csv files using ActiLife software (Actigraph, version 6.13.4; Pensacola, 

Fla., USE). Python scripts (version 3.7.0, Python Software Foundation https://www.python.org/) 

were developed using the SciPy (Virtanen et al., 2020), Pandas (Mckinney et al., 2010), NumPy 

(Harris et al., 2020), Matplotlib (Hunter, 2007) and Statsmodels (Seabold & Perktold, 2010) 

packages/modules for the subsequent processing steps.  

Periods of non-wear time were detected and removed using the van Hees et al. (2011) 

non wear time algorithm, which was implemented using the code previously written by Syed et 

al. (2020). This algorithm estimates periods of non-wear time based upon the standard deviation 

and range of acceleration outputs pertaining to each of the tri-axial axes for 30-minute blocks 

(van Hees et al., 2011). The non-wear time removal was performed prior to implementing any of 

the processing techniques in order to ensure that the APDFs created were based on the same 

wear times across the different processing techniques. To compare the effects of different signal 

processing methods on the acceleration signal composition data from each child’s measurement 

period were analyzed using three separate approaches.  First, the data were analyzed using the 

ENMO approach, which as outlined in the introduction entails calculating the vector magnitude, 

and then subtracting 1g (representing gravity) and finally rounding all negative values to 0. 

ENMO = √𝑥2 + 𝑦2 + 𝑧2  − 1     Equation 1 

 Second, the data were analyzed using a VM bandpass approach. In this approach, each axis was 

filtered using a 4th order Butterworth bandpass (pass band =0.1 - 15 Hz) and subsequently the 

https://www.python.org/
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vector magnitude was calculated. Previous studies have used a variety of filters with differing 

high pass and low pass cut-offs (Fridolfsson et al., 2019; Rowlands et al., 2015; van Hees et al., 

2009). We chose to implement a bandpass filter that has previously been used in a study 

involving children of a similar age (Brandes et al., 2012).  

SVMbp= √𝑥2 + 𝑦2 +  𝑧2         Equation 2 

Lastly, a VM lowpass analysis approach was performed where each axis was 4th order 

Butterworth low pass filtered (cut off= 15 Hz) and the vector magnitude was calculated.   

SVMlp= √𝑥2 + 𝑦2 + 𝑧2        Equation 3 

 

 To compare the acceleration signal composition across the different processing 

methodologies, APDFs were created (see representative plot, Figure 4.1) for each child. APDFs, 

often used by ergonomists, are indicative of the distribution of a signal, e.g., electromyography 

in relation to % of maximum voluntary contraction or spine angles as a function of range of 

motion, over a measurement period (Sidorkewicz & McGill, 2014; Callaghan & McGill, 2001). 

In a similar manner, APDF profiles may provide insight into the distribution of the amplitude 

content of raw accelerometer signals across the measurement period. Specifically, the amplitude 

probability corresponding to a certain accelerometer output would denote the probability of the 

signal being equal to or less than that specific amplitude (Sidorkewicz & McGill, 2014).  To 

contextualize this in the scope of quantifying free-living behaviours of preschool aged children, 

if the APDF of a child’s accelerometer data indicated that at a probability of 0.5 the amplitude 

was equivalent to 20 mg, this would indicate that 50% of the accelerometer wear time was spent 

at amplitudes at or below 20 mg (equivalent to sedentary behaviour; Crotti et al., 2020). To 

effectively compare the range of acceleration amplitudes experienced according to the ENMO, 

VM bandpass and VM lowpass approaches, three APDFs, one corresponding to each of the 

different processing methods, were created for each child; these curves reflected the signal 

distribution specific to each child’s individual measurement period. As we were interested in 

exploring the effects of these different processing techniques on the overall signal, we chose not 

to average or summate this data across time-based epochs as this is another source of 

inconsistency across studies. Therefore, the data remained in its 100 Hz sampled form for each 

of the calculated APDFs. Finally, the amplitude values corresponding to probabilities of 0.1, 0.2, 

0.3, 0.6, 0.7, 0.8, 0.9, and 1.0 were calculated and exported for statistical analyses. 
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4.3.4 Statistical Analyses 

 

 All statistical analyses were computed using SPSS software (IBM, Version 26; Armonk, 

NY, USA) and accepted statistical significance was set to p<0.05. To address the objectives of 

this paper a two-way repeated measures ANOVA (Probability x Processing method) was 

performed to compare the signal amplitude content across the 10 different probability values and 

three different processing methods for the dependent variable, accelerometer output (in mg).   

 

4.4 Results 

 

 Sixty-eight male and sixty-nine female preschoolers (total N= 137) with a mean age of 

4.31 (±0.87) years were included in the analyses. Descriptive statistics pertaining to mean height, 

mass, waist circumference, BMI z-scores and % fat mass are outlined in Table 4.1. Mauchly’s 

test indicated that sphericity had been violated, therefore, Greenhouse-Geisser estimates were 

used to correct for the varying degrees of freedom. While significant main effects of both 

processing method F(1.85, 251.733)=15263.786 (p<0.001) and probability F(1.001, 

135.075)=9560.053 (p<0.001) were observed, statistical analyses also revealed a statistically 

significant interaction effect between the probability and processing method F(1.874, 252.972)= 

222.400 (p<0.001) for accelerometer output (mg). Therefore, the interaction effects were further 

explored, and a detailed analysis of simple effects was performed with the results outlined below. 

For the simple effect of processing method, statistical analyses indicated that the three 

different processing methods produced significantly different amplitude values at 9 of the 10 

different probability levels, excluding 0.1, where 10% of the signal calculated using the ENMO 

and VM bandpass was less than 0.5 mg, and was not significantly different between the two 

processing techniques. However, the two techniques were both found to be significantly different 

from the VM lowpass filter technique at this probability value. Excluding the amplitudes 

corresponding to the probability value of 1.0, the range of accelerations quantified using the 

ENMO approach resulted in the lowest values, and the VM lowpass resulted in the highest. As 

reported in Table 4.2, the smallest mean differences between amplitudes corresponding to 

probability values of 0.1-0.9 was between processing methods ENMO and VM bandpass, 

whereas the greatest difference was found to be between VM lowpass and ENMO (Table 4.2).   
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Interestingly, it was observed that as the probability values increased (from 0.1 to 0.9), 

the mean difference between ENMO and the other frequency-based techniques increased. In 

contrast, at the greatest probability value of 1.0, meaning that 100% of the signal is at or below 

the given value, the ENMO methodology was found to have the highest amplitude outputs, 

followed by VM low pass and VM bandpass (Table 4.2). Furthermore, Table 4.2 illustrates that 

the standard deviation values of the population increased with increased probability, alluding to 

the fact that there is greater variability amongst the children’s movement behaviours during 

higher amplitude activities.  

With regards to the simple effects of probability, there were no significant differences 

between the ENMO analyzed accelerometer output corresponding to probability values of 0.1- 

0.4, meaning that the amplitude distribution that was concentrated below 0.4 was not statistically 

different (Table 4.2). In contrast, the amplitudes corresponding to probabilities ranging from 0.5 

to 1.0, were all found to be significantly different from each other according to the ENMO 

technique (Table 4.2). Similarly, the amplitudes corresponding to all of the probability values 

across the VM bandpass and VM lowpass analyzed data were significantly different.  

 

4.5 Discussion 

 

  The intention of this study was to investigate different signal processing techniques and 

compare their overall effect on the composition of acceleration signals captured over the course 

of a free-living study protocol involving preschool aged children. It was initially hypothesized, 

that the largest variation in acceleration amplitude would be found between the ENMO and VM 

lowpass filter processing techniques, while the smallest variation would exist between the VM 

bandpass filter and ENMO processing techniques. The findings from this study support this 

hypothesis for amplitudes corresponding to probability values ranging from 0.1 to 0.9. The VM 

lowpass and ENMO were found to have the largest mean differences; according to the ENMO 

metric, the amplitude distribution was not significantly different for probabilities ranging from 

0.1 to 0.4 with the mean output of the population being equivalent to <0.5 mg. To put this 

observation into context, use of the ENMO metric would suggest that based on the mean of the 

population, ~40% of signal acquired over the observation period was spent at amplitudes below 

0.5 mg. Contrary to this, the VM lowpass technique would suggest that based on the mean output 
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of the population, 40% of the signal was at or below ~997 mg. The results further demonstrate 

that the mean difference between the techniques increased as the probability values increased 

with 90% of the captured signal according to ENMO being spent at or below ~32 mg versus 

1031mg for VM lowpass, based on the mean values of the population.  

In addition to this, it was expected that the ENMO and VM bandpass would have the 

smallest mean difference and obtained findings were in accordance with this prediction. 

However, similar to VM lowpass, it was found that the disparity between the ENMO method and 

the VM bandpass increased as the probability values increased. The processing methods were not 

significantly different at 0.1, whereas the mean difference at 0.9 was equivalent to 219 mg.  

Given the overall nature of these different processing techniques and taking into account 

their associated assumptions and the potential motivations behind their use, these findings are not 

overly surprising. Both the ENMO and VM bandpass attempt to remove acceleration due to 

gravity, using different approaches. As aforementioned, the magnitude of acceleration due to 

gravity is dependent upon the orientation of the accelerometer, this component may be anywhere 

from -1 g to 1 g (Mathie et al., 2004).  Relying on the assumption of perfect calibration, when 

not in motion the vector magnitude (SVM= √𝑥2 + 𝑦2 + 𝑧2  ) calculated from triaxial 

accelerometer data is equivalent to 1 g (resulting from acceleration due to gravity; van Hees et 

al., 2014). Fundamentally, ENMO uses a simple subtraction method to remove this output (van 

Hees et al., 2013). Alternative to this approach, the VM bandpass filtering works under the 

assumption that the frequency component of gravity exists within a certain band (van Hees et al., 

2013; Rowlands et al., 2015). In the case of this study, we applied a bandpass filter (0.1 - 15 Hz) 

based on its use in a previous study (Brandes et al., 2012). Despite their different assumptions, 

both the ENMO and VM bandpass innately aim to remove the gravitational component and as 

such we expected to see the lowest variation between these two approaches, which our results 

were ultimately able to confirm. However, we predicted that the ENMO would yield the lowest 

output due to its inherent sensitivity to calibration error (van Hees et al., 2014; van Hees et al., 

2013). A study by van Hees et al. (2014) defined calibration error as ‘deviation between 1 g and 

the Euclidean norm of the acceleration of the three axes’ when the accelerometers were not in 

motion; depending on a given device’s state of calibration, this could mean that captured output 

of the gravitational bias may not be reflected as exactly 1 g. In turn, this may result in values 

lower than what they should be following subtraction of 1 g thus, when researchers round these 
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small negative values to zero some data at these lower negative amplitudes, that could be 

attributed to human movement, may be lost. Furthermore, previous research has demonstrated 

that the VM bandpass technique is not as sensitive to poor calibration, compared to the ENMO 

approach, due to its high pass component (van Hees et al., 2014). Unlike the other approaches, 

the VM lowpass approach used in the current study (cut off of 15 Hz) does not remove the 

gravitational component, which is evident upon inspection of the results; the signal output is 

significantly greater than the other two approaches for acceleration ranges below 90% due to the 

bias resulting from the gravity present in the signal.  

 Contrary to the trends observed in the APDFs below probabilities of 0.9 (see Table 4.2), 

there is an apparent shift with respect to amplitudes corresponding to probability values of 1.0, 

which designates the maximum output. As opposed to having the lowest output, the highest 

amplitude was derived using the ENMO method (9118.87 mg), and had the largest mean 

difference compared to the VM bandpass approach (8363.97 mg). Under the same premise, these 

variations can be explained by the nature of the processing techniques. As previously mentioned, 

in addition to the kinematic and gravitational components, it is possible that there may be noise 

contaminating the signal. Presuming that human motion exists below a certain frequency cut-off 

(Corder et al., 2008), filtering can be utilized to remove the contribution of noise (Corder et al., 

2008). In the current study this was examined using the VM bandpass and VM lowpass 

techniques. In contrast, the ENMO approach does not directly remove any high frequency noise 

present in the signal, which may explain the increased maximum output at the 1.0 probability 

level. 

Overall, the findings from this study highlight that raw accelerometry analyses is not 

immune to the lack of standardization that is afflicted by count-based measures (Kim et al., 

2012). Much has been published about the limitations of count-based accelerometry analyses that 

apply cut-points (essentially count-based amplitude thresholds for different activity intensities) 

developed using calibration studies to human movement data sets (Kim et al., 2012). The ‘cut-

point conundrum’ is the term that has been given to describe the overwhelming number of count-

based cut points that exist as research has demonstrated that depending on the selected cut-point 

that is applied, the communicated health outcomes can be found to be drastically different 

(Bornstein et al., 2011). Although raw accelerometry, may allow for the harmonization of 

methodologies across research groups and studies (van Hees et al., 2016; de Almeida Mendes et 
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al., 2018), this method still needs to be applied with care. Results from the present study show 

that similar to the count-based approaches, applying raw accelerometer thresholds that have been 

developed using different processing approaches may communicate significantly different 

results. Recently, Crotti et al. (2020) published raw acceleration thresholds for MVPA, LPA and 

sedentary behaviours and analyzed their data using the ENMO approach. In their study, Crotti et 

al. (2020) defined sedentary behaviour as activity below 20 mg, LPA between 20 and 95 mg and 

MVPA was defined as greater than 95 mg. Although the children studied in their work were 

slightly older (aged 5-7 years) the APDF profiles of the children in the GFHS derived using the 

ENMO processed data would suggest that children spent anywhere from 40 to 90% of their wear 

time at amplitudes corresponding to sedentary behaviour based on the maximum and minimum 

of the population, with the mean output of the children corresponding to ~80% of their wear time 

(Table 4.2). When these same thresholds are applied to the APDF profiles of the GFHS children 

quantified using a VM bandpass technique, results suggests that they spent anywhere from 40 to 

70% of their wear time at amplitudes corresponding to sedentary behaviour (based on the 

maximum and minimum of the population); in fact, the mean output corresponds to the 

observation that children enrolled in the GFHS spend approximately 50% of their time engaging 

in amplitudes that correspond to sedentary behaviours. The difference between the VM lowpass 

technique and these two techniques is even more pronounced due to the bias resulting from 

acceleration due to gravity; applying these thresholds to the same data processed using the VM 

lowpass technique would suggest the children were participating in high intensity activities for 

their entire measurement period. It should be noted that the data of the GFHS children 

corresponds to their 24-hour movement behaviour, therefore, time spent sleeping (a low 

amplitude movement) would contribute to these percentages, however these thresholds were 

applied for comparison purposes.   

As mentioned above, previous research has demonstrated that the ENMO metric is 

sensitive to calibration error (van Hees et al., 2014; van Hees et al., 2013). van Hees et al (2014) 

developed an autocalibration algorithm that uses periods of non-movement in a collected data 

file to optimize the offset and gain factor of each of the acceleration axes and reduce the overall 

calibration error; this correction is applied in the algorithm prior to calculating a composite 

measure. Many research groups have applied this autocalibration algorithm through the 

implementation of the GGIR processing package (https://cran.r-

https://cran.r-project.org/web/packages/GGIR/index.html
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project.org/web/packages/GGIR/index.html). The current analyses did not apply this calibration 

correction as it was coded in the R statistical package and development of a similar algorithm for 

the current data set was beyond the scope of this particular thesis and we acknowledge this 

limitation. To further clarify how the different signal processing techniques vary, more research 

is needed to compare the effects of calibration on acceleration signal amplitudes; this is 

something we are interested in pursuing in the future and have begun processing data using this 

algorithm. 

 

4.6 Conclusion  

 

 In conclusion, the findings from this study indicate that the selection of signal processing 

techniques has a significant impact on the range of raw accelerometer amplitude distribution of 

preschool children. It was observed for probability values ranging from 0.1 to 0.9, the greatest 

variation was found to be between the ENMO and VM lowpass approaches with the ENMO 

approach resulting in the lowest magnitude of accelerometer amplitudes and the VM lowpass 

resulting in the highest. It was found that the smallest variation existed between the VM lowpass 

and VM bandpass for probability values below 0.9. In both cases, the mean difference between 

the processing methods appeared to increase as the probabilities increased. In contrast, it was 

found for the probability value of 1.0, synonymous with 100% of the signal being at or below a 

specified amplitude, the ENMO resulted in the highest output, whereas the VM bandpass 

resulted in the lowest.  Based on the findings of previous research groups (van Hees et al., 2014) 

and the results of the current study, future studies should explore the signal composition 

according to these different techniques before, and after autocalibration to determine whether 

these changes are increased, and which processing technique is the most impacted by calibration 

error. Given this information, our current recommendation is for researchers who do not apply a 

calibration correction to implement the VM bandpass filtering technique. Overall, this study 

emphasizes that although transparency can be improved through the use of raw accelerometery, 

the accelerometer signal composition is significantly impacted by the chosen processing 

technique, which researchers must be aware of when they are comparing results across studies.   

https://cran.r-project.org/web/packages/GGIR/index.html
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4.7 Figures and Tables 
 

Table 4.1: Descriptive statistics of the population. All measures were taken by trained research 

staff. Whole body single frequency bioelectrical impedance analysis (BIA; Quantum IV-Body 

Composition Analyzer™, RJL Systems, Clinton Township, MI) was used to measure the % fat 

mass and BMI z-scores were calculated using the WHO z-scores. 

  

                N Mean Std. Deviation Minimum Maximum 

Female Age 69 4.31 0.87 3.03 5.95 

Height (cm) 68 102.91 7.02 87.15 119.45 

Body Mass (kg) 69 17.06 2.87 12.79 26.93 

Waist Circumference 67 52.12 3.92 44.90 68.75 

BMI z-score 67 0.41 0.88 -1.59 2.24 

% Fat Mass 68 30.78 5.88 16.97 45.30 

Male Age 68 4.32 0.83 3.06 5.97 

Height (cm) 68 105.30 6.58 89.65 121.85 

Body Mass (kg) 67 17.68 2.48 11.74 25.19 

Waist Circumference 64 51.80 2.95 45.75 58.50 

BMI z-score 67 0.35 0.85 -1.70 2.24 

% Fat Mass 62 26.12 4.61 12.90 38.06 

Overall Age 137 4.32     0.85 3.03 5.97 

 Height (cm) 136 104.10 6.88 87.15 121.85 

 Body Mass (kg) 136 17.38 2.69 11.74 26.93 

 Waist Circumference 130 51.96 3.47 44.90 68.75 

 BMI z-score 134 0.38 0.86 -1.70 2.24 

 % Fat Mass 130 28.56 5.78 12.90 45.30 
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 Table 4.2: The mean, standard deviation, minimum and maximum of the accelerometer output 

amplitude (in mg) of the preschool children in the GFHS at each of the different probability 

values according to the ENMO, VM bandpass and VM lowpass. The repeated measures 

ANOVA revealed that all of the processing methods yielded significantly different amplitude 

values, excluding at 0.1, where the ENMO and VM bandpass were not found to be significantly 

different. Furthermore, it was revealed that for probability values ranging from 0.1 to 0.4, the 

ENMO amplitudes were not found to be significantly different. 

  

Probability 

Value 

Processing 

Method Mean Std. Deviation Minimum Maximum 

0.1 ENMO 0.00 0.00 0.00 0.00 

 VM bandpass 0.05 0.33 0.00 2.37 

 VM lowpass 972.58 7.22 953.63 984.13 

0.2 ENMO 0.00 0.00 0.00 0.00 

 VM bandpass 0.27 0.91 0.00 4.29 

 VM lowpass 983.89 6.17 964.66 998.16 

0.3 ENMO 0.04 0.32 0.00 3.13 

 VM bandpass 0.56 1.61 0.00 6.94 

 VM lowpass 990.73 5.07 974.58 1003.38 

0.4 ENMO 0.52 1.90 0.00 15.56 

 VM bandpass 3.46 3.86 0.00 16.82 

 VM lowpass 996.78 4.71 982.38 1015.70 

0.5 ENMO 3.18 3.85 0.00 27.59 

 VM bandpass 15.42 6.12 0.02 32.62 

 VM lowpass 1002.39 4.78 990.70 1027.62 

0.6 ENMO 8.07 5.14 0.00 36.25 

 VM bandpass 34.66 9.73 5.02 62.45 

 VM lowpass 1008.02 5.17 998.62 1036.25 

0.7 ENMO 14.08 5.99 4.75 43.08 

 VM bandpass 67.61 15.54 21.84 112.83 

 VM lowpass 1013.98 5.99 1004.48 1043.06 

0.8 ENMO 20.60 7.14 9.13 52.57 

 VM bandpass 127.62 23.52 59.70 194.47 

 VM lowpass 1020.45 7.15 1008.71 1052.44 

0.9 ENMO 31.62 7.87 18.55 68.76 

 VM bandpass 251.54 34.18 183.68 349.96 

 VM lowpass 1031.22 7.89 1017.77 1067.92 

1.0 ENMO 9126.41 844.77 7649.66 12706.66 
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 VM bandpass 8368.98 1166.03 6263.21 12392.46 

 VM lowpass 8926.41 1194.77 7136.36 13596.52 

 

 

 

  
 

 

Figure 4.1: Three different APDF signal processing curves one for each signal processing 

approach for a representative participant (Female; aged 3.47 years). The inset image represents 

that same graph windowed along the x-axis from 0 to 1500 mg and 0.75 to 1.00 along the y-axis 

for probability. 

 

 

 

 

 

 

  



 

 

 

52 

5. Bridging Study 1 – Amplitudes of acceleration for different 

activities commonly experienced by young children according 

to different processing methods and generations of Actigraph 

accelerometers 

 
5.1 Introduction/Rationale 

 

In Study 1 of this thesis, it was demonstrated that the selected processing technique has a 

significant impact on the overall signal composition and range of acceleration amplitudes of 

preschool children’s movement behaviours. It was found that for the probability values below 

0.9, the range of amplitudes were greatest when the data were analyzed using a vector magnitude 

(VM) lowpass filter approach, followed by VM bandpass filter and the range of outputs was the 

lowest when amplitudes were derived using the Euclidean norm minus one (ENMO) technique. 

Upon observation of the data, it is evident that for children in the Guelph Family Health Study 

(GFHS), a large percentage of their measurement period is composed of relatively low 

acceleration amplitudes. As discussed in Study 1, Crotti et al (2020) created thresholds using 

data that had been analyzed via the ENMO approach, and defined sedentary behaviour as activity 

below 20 mg, light physical activity (LPA) as 20-95 mg and moderate to vigorous physical 

activity (MVPA) as above 95 mg. By applying this sedentary threshold to the APDF profiles of 

the children in the GFHS derived using the ENMO processed data, results would suggest that 

children spent anywhere from 40 to 90% of their measurement period participating in activities 

that correspond to this amplitude. However, it should be kept in mind that the children in the 

GFHS wore the accelerometer overnight, so time spent sleeping is encompassed in these 

percentages as well. 

The guidelines presented by the Canadian Society for Exercise Physiology (CSEP; 

https://csepguidelines.ca/), have proposed limits for the amount of time Canadians should 

participate in sedentary behaviours. Although various activities commonly experienced by 

preschool children fit the classification of sedentary behaviour such as colouring, reading, 

watching television or playing on a tablet (Ainsworth et al., 2011), in the context of overall 

health (emotional, cognitive, physical), they are not equal effectors (Radesky et al., 2016; El-

Sheikh & Sadeh, 2015). Furthermore, other behaviours such as sleeping or napping that would 

also be considered low intensity/low amplitude, are of critical importance for healthy growth and 
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development of young children (Davis et al., 2004). In reference to the findings of Study 1, we 

were interested in exploring how each processing method affects derived amplitudes quantified 

during specific activities. Given how a large percentage of preschooler’s, enrolled in the GFHS, 

accelerometer signal amplitude is distributed, we have placed a greater emphasis on an 

exploration of these low intensity behaviours in Bridging Chapter 1. 

Data from the GFHS were quantified with the wGT3X-BT Actigraph monitor, however, 

in 2014, Actigraph released a new accelerometer model, the GT9X Link (Actigraph, 2014). This 

monitor has the same internal sensor as the wGT3X-BT model; however, the cost is significantly 

greater, the housing is significantly different and in addition to the triaxial accelerometer (± 8 G), 

the GT9X contains an inertial measurement unit (IMU) that has 4 additional sensors, a triaxial 

gyroscope (dynamic range of ± 2000 deg/sec), a triaxial magnetometer (dynamic range of ± 4800 

micro-Tesla), a secondary triaxial accelerometer (dynamic range of ± 16 G) and a thermometer. 

The cross-generational comparability between these two monitors has not been fully established 

in the literature, and with various research groups using the GT9X, it is unclear how their results 

may compare directly to those in the GFHS, which uses the wGT3X-BT Actigraph monitor 

exclusively.  

Using a case-series approach, this study sought to investigate the effects of the different 

processing methods on the amplitudes experienced during specific activities, typically engaged 

in by preschool aged children and how this compares between the different Actigraph models. In 

reference to the results of Study 1, it was hypothesized that for each of the different activities the 

data analyzed using the ENMO technique would result in the lowest amplitudes, followed by the 

VM bandpass and the VM lowpass. It was expected that the greatest difference would be found 

between the ENMO and VM lowpass techniques and the smallest difference in derived 

amplitudes would be found between ENMO and the VM bandpass techniques. Furthermore, 

based on the fact that the primary accelerometer housed within the two Actigraph devices are the 

same, it was expected that the data measured by the two devices during all of the activities would 

be equivalent.  
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5.2 Methods 

 

 This study included a sample of four (N=4) healthy young female children. At the time of 

collection, Participant 1 was aged 7 years, Participant 2 was aged 4 years, Participant 3 was aged 

3 years and Participant 4 was aged 5 years. Each child was given four accelerometers, 2 GT9X 

monitors and 2 wGT3X-BT monitors and were asked to wear one of each model on their right 

hip and wrist for a period of 24 hours. For this Bridging Chapter 1, our analyses were focused on 

data acquired from the devices worn on the hip. Each of the accelerometers were initialized to 

collect at a sampling frequency of 100 Hz and the idle sleep mode (ISM) was enabled in all of 

the devices. Additionally, the IMU in the GT9X monitor was enabled. Parents of the children 

were given an activity log sheet with a list of activities (Figure 5.1) which included, resting 

(lying supine), sleeping (overnight), napping, television viewing (sitting comfortably on couch), 

playing on a tablet (sitting comfortably on couch), homework or colouring (sitting at a table), 

walking and running. They were asked to have their child perform each of the different activities 

for a minimum of 5 minutes, pending access to the different technologies (e.g., if their family 

had access to a tablet and television) and being mindful of the parental practices (e.g., only 

including activities if they were a typical part of the child’s day).  

 Once the accelerometers were returned the processing of the accelerometer data was 

identical to what was described in Study 1 (see Chapter 4.2). Additionally, using the times 

indicated by the parents on the log sheet, the data pertaining to the different activities were 

visually inspected and the mean and standard deviation individual to each child, monitor model 

and according to the different processing techniques, were extracted.  

 

5.3 Results  

 

The mean and standard deviation of the accelerometer output that was experienced during 

each of the different activities, for each of the different participants and according to the different 

processing techniques are outlined in Table 5.1, as well as the duration of each activity from 

which the variables were calculated. As reported by the parents, napping was not a part of any of 

the children’s regular routine, therefore this activity was omitted. The results indicate, that for all 

of the activities, the largest mean output was calculated using the VM lowpass technique (Figure 

5.2 A and B; Table 5.1). For the majority of the activities and participants, the lowest mean 



 

 

 

55 

output was derived using the ENMO approach (Figure 5.2 A and B; Table 5.1), excluding a 

few instances where the VM bandpass mean outputs were observed to be lower; for example, 

Participant 1, resting measured using the wGT3X-BT, the ENMO output was found to have a 

greater mean output than the VM bandpass (difference of 14.54 mg; Figure 5.2; Table 5.1). As 

such, for the majority of the activities the greatest variation seemed to exist between the VM 

lowpass and the ENMO processing techniques, with an average mean difference across all the 

activities and participants equivalent to 961.97 mg according to the wGT3X-BT and 965.24 mg 

according to the GT9X. The smallest mean difference between the processing methods was 

found to be between the VM bandpass and ENMO and was equivalent to 99.26 mg according to 

the wGT3X-BT and 86.93 mg according to the GT9X. The results from Table 5.1 also indicate 

that compared to the other processing methods, which were relatively similar, the standard 

deviation of the window over which the data was analyzed increased when the data was analyzed 

using the VM bandpass approach, likely due to the nature of the signal processing technique.  

For the majority of the activities, participants and processing methods, the GT9X monitor 

was found to have a higher mean output compared to the wGT3X-BT (Figure 5.3 A, B and C; 

Table 5.1). The mean difference between the GT9X and the wGT3X-BT when averaged across 

all of the participants and activities was observed to be very similar between the VM lowpass 

and the ENMO and was found to be equal to 20.01 mg and 19.43 mg respectively (GT9X-

wGT3X-BT). In contrast, the mean difference was much smaller when analyzed using the VM 

bandpass and was found to be equal to 1.33 mg (GT9X-wGT3X-BT). 

 

5.4 Discussion 

 

 Building from the results from Study 1, the purpose of this study was to explore different 

activities commonly experienced by young children using two different Actigraph models and 

subsequently compare the corresponding amplitudes according to the ENMO, VM band pass and 

VM lowpass data processing methods. The descriptive results support our initial hypothesis that 

for all of the prescribed activities, the greatest mean output would be derived using the VM low 

pass technique. Moreover, it was expected that the lowest mean output would be derived using 

the ENMO approach, which was found to be true for the majority of the participants, activities 

and between models. In contrast to what was initially hypothesized, there were a few instances, 
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where the VM bandpass resulted in a lower mean output compared to the ENMO. Upon visual 

inspection of the data this may be explained by calibration error. As described by van Hees et al. 

(2014), the ENMO approach is based upon the assumption of perfect calibration and is therefore 

subject to calibration error, whereas the frequency filtering of the VM bandpass acts to 

effectively reduce calibration offset (van Hees et al., 2014). Figure 5.4 (A, B and C) is a 

representative image that depicts this phenomenon. As the output due to gravity has been 

subtracted (Equation 1), periods of non-movement should technically have a corresponding 

output of 0 g, however as Figure 5.4 (A, B and C) illustrates this was not always the case for 

data that had been analyzed using the ENMO approach and VM lowpass.  

Calibration offset could further explain the differences observed between the output of 

the GT9X and the wGT3X-BT devices in addition to the variability between the four participants 

(Figure 5.4 A, B and C). The smallest variation between the models was observed when the 

data were analyzed using the VM bandpass and largest when analyzed using the VM lowpass 

technique which supports this stipulation. Comparing the output of the participants across the 

different activities, it was observed that the highest mean output corresponded to the higher 

intensity activities (running and walking), regardless of the processing method. These results 

were not as consistent for the lower intensity activities (i.e., sedentary behaviours and sleep) and 

a pattern of lowest to highest mean output could not be consistently defined for all participants 

with respect to the data quantified using the ENMO and VM lowpass approach (Figure 5.3 A 

and C). Unlike the other processing methods, however, acceleration bands can be made that 

further sub-divide these behaviours using the VM bandpass data. For all participants sleeping 

and resting was found to have outputs of 0-12 mg, screen-based sedentary behaviours (watching 

television/playing on a tablet) were 15 to 50 mg and non-screen based sedentary behaviours 

(homework/colouring) were 65 to 100 mg (Figure 5.3 B). As alluded to in Study 1, many of 

these activities were above the 20 mg sedentary threshold, developed by Crotti et al. (2020) for 

children aged 5-7 years, further supporting the concept that these processing methods are not 

interchangeable, but rather result in significantly different signal compositions.  

 The secondary purpose of this study was to compare the output of the GT9X and 

wGT3X-BT. As previously mentioned, across all of the participants for nearly all of the 

activities, the highest amplitude output was measured by the GT9X monitors. In addition to 

calibration offset being a potential explanation, this difference may be attributed to the ISM 
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functionality.  At initialization, the ISM had been enabled in all devices, however, after visual 

inspection of the data, it appeared that the ISM was only active in the wGT3X-BT. Figure 5.5 A 

and B is a representative image, depicting the wGT3X-BT and GT9X ENMO data of participant 

1 playing on a tablet, with the ISM periods clearly outlined. Interestingly, a study by Clevenger 

et al. (2020) compared the output of these two Actigraph models and found them to be 

inequivalent, with the GT9X monitor having a higher mean output, however, there was no 

mention of the ISM being a potential factor.  

After experiencing 10 seconds of inactivity (defined by Actigraph as fluctuations of less 

than ± 40 mg) the device will enter a low power or ‘sleep mode’ in which the last sampled output 

is written into the device’s memory until movement is once again detected (Actigraph, 2018; 

https://actigraphcorp.force.com/support/s/article/Idle-Sleep-Mode-Explained).  It remains 

unclear why this functionality appears to have behaved differently in the GT9X versus the 

wGT3X-BT and further investigation is required.  

 

5.5 Conclusion  

 

 In conclusion, the ENMO approach led to, on average the lowest amplitude output for 

each studied activity and the VM lowpass led to the highest activity output, supporting the results 

from Study 1 on a larger, free-living cohort of preschool aged children. Data presented in this 

bridging chapter also suggests that the VM lowpass and ENMO techniques are subject to 

calibration error; this may be even more pronounced using the VM lowpass technique due to the 

fact that gravitational bias is retained in the data, whereas the ENMO technique subtracts 1 g and 

rounds the resulting negative outputs to 0. Ultimately, this may affect the comparability of data 

between the participants and may also contribute to some of the observed differences between 

the Actigraph device models. There were no clear patterns that could be observed amongst the 

different low intensity behaviours, except for when the data were analyzed using the VM 

bandpass approach where it appeared that sleeping/resting had the lowest acceleration output, 

followed by screen-based sedentary behaviours, non-screen-based sedentary behaviours, walking 

and lastly running. There was evidence to suggest that the output is higher in the GT9X device, 

however, it appears that this may be due to differences in the ISM functionality and calibrated 

states between the different devices. Future research should explore the acceleration amplitudes 
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pertaining to the different activities and processing methods using calibrated accelerometer data 

and should further explore the cross-generational comparability of the Actigraph devices, and the 

implications of the ISM. 
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5.6 Figures and Tables  
 

 

Figure 5.1: A copy of the Activity log sheet (front and back) that was given to parents outlining 

the instructions of the experiment and different activities to be incorporated. 
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Table 5.1: The mean and standard deviation (for the measurement window analyzed; in mg) of 

the accelerometer data belonging to each of the different activities and for all four participants 

measured by the GT9X primary and wGT3X-BT monitors at the hip and the duration of time 

each of these activities were measured. Grey boxes indicate missing data. 

 

 Participant Model Pro. M Mean Std. Deviation 

Resting 

(lying supine) 

 

Duration: 4 minutes 

  

Participant 1 wGT3X-BT ENMO 22.287 7.409 

 VMbp 7.743 13.072 

 VMlp 1022.024 8.663 

GT9X ENMO 0.162 2.510 

  VMbp 10.343 11.334 

  VMlp 977.084 8.233 

Participant 2 wGT3X-BT ENMO 8.074 6.426 

 VMbp 12.000 23.261 

 VMlp 1007.876 6.606 

GT9X ENMO 16.409 5.933 

  VMbp 7.242 9.386 

  VMlp 1016.294 6.108 

Participant 3 wGT3X-BT ENMO   

 VMbp   

 VMlp   

GT9X ENMO   

   VMbp   

   VMlp   

 Participant 4 wGT3X-BT ENMO   

   VMbp   

   VMlp   

  GT9X ENMO   

   VMbp   

   VMlp   

Watching TV  

(Sitting comfortably 

on a couch) 

 

Duration: 10 minutes 

Participant 1 wGT3X-BT ENMO 0.248 2.974 

 VMbp 15.898 29.366 

 VMlp 981.176 7.634 

GT9X ENMO 1.399 4.738 

  VMbp 19.318 24.845 

  VMlp 995.061 9.212 

Participant 2 wGT3X-BT ENMO 22.758 16.105 

 VMbp 29.199 50.010 
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 VMlp 1021.802 18.598 

GT9X ENMO 44.406 17.010 

  VMbp 22.983 46.502 

  VMlp 1043.972 18.669 

Participant 3 wGT3X-BT ENMO 5.033 16.453 

 VMbp 48.449 74.373 

 VMlp 995.091 24.435 

GT9X ENMO 34.924 19.880 

   VMbp 44.536 65.736 

   VMlp 1033.075 24.247 

 Participant 4 wGT3X-BT ENMO 0.826 4.278 

   VMbp 16.420 40.085 

   VMlp 988.016 9.691 

  GT9X ENMO 27.867 11.199 

   VMbp 16.523 41.922 

   VMlp 1027.733 10.308 

Playing on a tablet 

(sitting comfortably 

on the couch) 

 

Duration: 5 minutes 

Participant 1 wGT3X-BT ENMO 19.694 9.032 

 VMbp 15.588 24.605 

 VMlp 1019.467 9.289 

GT9X ENMO 16.016 10.495 

  VMbp 20.584 21.821 

  VMlp 1015.645 10.958 

Participant 2 wGT3X-BT ENMO 25.092 8.780 

 VMbp 36.764 46.529 

 VMlp 1024.821 9.469 

GT9X ENMO 53.700 8.963 

  VMbp 17.678 47.267 

  VMlp 1053.516 9.564 

Participant 3 wGT3X-BT ENMO 10.800 9.165 

 VMbp 37.301 33.503 

 VMlp 1009.891 10.280 

GT9X ENMO 40.161 9.395 

   VMbp 29.323 27.274 

   VMlp 1040.087 9.158 

 Participant 4 wGT3X-BT ENMO 5.804 16.029 

   VMbp 49.990 47.422 

   VMlp 1000.048 20.751 
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  GT9X ENMO 40.461 27.301 

   VMbp 51.226 55.047 

   VMlp 1039.267 24.353 

Homework or 

coloring  

(sitting at a table) 

 

Duration: 5 minutes 

Participant 1 wGT3X-BT ENMO 6.046 14.833 

 VMbp 65.510 59.324 

 VMlp 997.032 22.523 

GT9X ENMO 19.775 18.895 

  VMbp 66.406 60.235 

  VMlp 1017.394 22.853 

Participant 2 wGT3X-BT ENMO 22.942 18.808 

 VMbp 82.496 70.134 

 VMlp 1020.787 23.082 

GT9X ENMO 48.438 22.709 

  VMbp 69.176 64.385 

  VMlp 1047.583 24.715 

Participant 3 wGT3X-BT ENMO 1.922 9.292 

 VMbp 95.935 84.206 

 VMlp 983.014 20.680 

GT9X ENMO 22.762 18.240 

   VMbp 95.715 85.930 

   VMlp 1020.902 21.387 

 Participant 4 wGT3X-BT ENMO 7.020 15.248 

   VMbp 80.501 64.959 

   VMlp 999.776 22.142 

  GT9X ENMO 12.350 17.896 

   VMbp 80.952 66.330 

   VMlp 1008.415 22.554 

Walking 

 

Duration: 10 minutes 

Participant 1 wGT3X-BT ENMO 114.601 209.432 

 VMbp 325.116 208.088 

 VMlp 1035.735 272.437 

GT9X ENMO 120.490 211.073 

  VMbp 319.605 201.486 

  VMlp 1050.556 267.817 

Participant 2 wGT3X-BT ENMO 114.851 227.439 

 VMbp 317.064 226.902 

 VMlp 1033.622 284.315 

GT9X ENMO 125.715 231.595 

  VMbp 320.443 226.901 
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  VMlp 1053.910 284.256 

Participant 3 wGT3X-BT ENMO 131.639 239.165 

 VMbp 354.298 230.340 

 VMlp 1029.007 323.160 

GT9X ENMO 149.989 249.085 

   VMbp 360.650 232.464 

   VMlp 1063.242 321.937 

 Participant 4 wGT3X-BT ENMO 159.656 334.523 

   VMbp 421.424 315.583 

   VMlp 1058.490 382.974 

  GT9X ENMO 186.189 376.519 

   VMbp 442.425 343.450 

   VMlp 1094.021 402.622 

Running 

 

Duration: 3 minutes 

Participant 1 wGT3X-BT ENMO 332.751 587.457 

 VMbp 737.186 551.054 

 VMlp 1177.682 679.754 

GT9X ENMO 338.656 566.936 

  VMbp 724.952 527.464 

  VMlp 1194.574 657.465 

Participant 2 wGT3X-BT ENMO 298.523 511.636 

 VMbp 688.223 484.295 

 VMlp 1156.818 589.855 

GT9X ENMO 314.119 511.809 

  VMbp 679.982 478.289 

  VMlp 1185.296 572.369 

Participant 3 wGT3X-BT ENMO 228.374 377.504 

 VMbp 532.090 336.962 

 VMlp 1068.593 503.566 

GT9X ENMO 245.405 388.267 

   VMbp 541.897 343.894 

   VMlp 1097.923 500.145 

 Participant 4 wGT3X-BT ENMO 302.354 602.624 

   VMbp 671.065 575.795 

   VMlp 1170.232 649.526 

  GT9X ENMO 338.394 645.306 

   VMbp 702.289 606.064 

   VMlp 1213.424 666.850 



 

 

 

64 

Sleep  

 

Duration: 1 hour 

Participant 1 wGT3X-BT ENMO 10.439 9.959 

 VMbp 1.019 13.094 

 VMlp 1010.394 10.183 

GT9X ENMO 0.049 2.432 

  VMbp 9.422 14.143 

  975.439 8.660 983.385 

Participant 2 wGT3X-BT ENMO 11.834 12.392 

 VMbp 5.994 26.863 

 VMlp 1009.868 14.721 

GT9X ENMO 16.493 14.787 

  VMbp 11.680 25.201 

  VMlp 1011.659 23.694 

Participant 3 wGT3X-BT ENMO 0.310 6.065 

 VMbp 6.030 36.220 

 VMlp 988.104 11.551 

GT9X ENMO 9.570 18.160 

   VMbp 10.010 33.800 

   VMlp 997.859 25.438 

 Participant 4 wGT3X-BT ENMO 0.779 3.921 

   VMbp 1.339 11.743 

   VMlp 990.954 8.158 

  GT9X ENMO 23.780 7.505 

   VMbp 5.410 12.348 

   VMlp 1023.719 8.264 
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Figure 5.2: A - The mean output and standard deviation bars, calculated across the 4 participants during each of the different activities 

using the ENMO, VM bandpass and VM lowpass measured using the GT9X monitor. B - The mean output standard deviation bars, 

calculated across the 4 participants during each of the different activities using the ENMO, VM bandpass and VM lowpass measured 

using the wGT3X-BT monitor. 
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Figure 5.3: The mean output and standard deviations bars of the GT9X and wGT3X-BT monitors, calculated across all 4 participants 

during all of the activities using the ENMO (A), VM bandpass (B) and VM lowpass (C). Note that Y axis of graph C has been 

adjusted to start at 800 mg, for comparison purposes. 
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Figure 5.4: All figures are of Participant 1, while sleeping all measured via the wGT3X-BT 

device. Figure A represents the data following the ENMO approach, Figure B represents the 

data processed using the VM lowpass approach and Figure C represents the data analyzed using 

the VM bandpass approach. The square boxes highlight evidence of an issue in the data due to 

calibration, see text for details. 
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Figure 5.5: Both figures represent Participant 1 while playing on a tablet while wearing 

accelerometers fixed at the hip, both analyzed via the ENMO technique. Figure A is of data 

acquired using the GT9X, whereas Figure B illustrates data from the wGT3X-BT device. As 

illustrated in B (outlined by the boxes) the wGT3X-BT monitor appears to be in idle sleep mode, 

whereas the GT9X is actively collecting movement data from the child.  
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6. Bridging Study 2 – Exploring the interaction of the Idle Sleep 

Mode and Inertial Measurement Unit Setting on the data 

acquisition of the Actigraph’s primary GT9X accelerometer 
 

Authors: Hannah J. Coyle-Asbil, Janik Habegger, Michele Oliver, Lori Ann Vallis 

6.1 Abstract 

 

The purpose of this study was to clarify how the interaction of the idle sleep mode (ISM) 

and inertial measurement unit (IMU) affects the data acquisition of Actigraph’s GT9X Link 

accelerometer. The ISM is a setting parameter designed to preserve the battery life of Actigraph 

devices during free-living data acquisition; deactivation of this mode must be specified at 

initialization. The IMU is a new inclusion to the GT9X model and contains additional sensors 

including a gyroscope, magnetometer and secondary accelerometer. Based on how these setting 

parameters are communicated in hard/software manuals, it was expected that the two settings 

would behave independently from one another. Seven GT9X monitors were mounted to a 6 

degree of freedom robot that introduced oscillations ranging from 0.5 to 2 Hz. Testing was 

performed for the X, Y and Z sensing axes and three separate combinations of the setting 

parameters were evaluated: Setting Parameter 1 (IMUONISMON), Setting Parameter 2 

(IMUONISMOFF), Setting Parameter 3 (IMUOFFISMON). The mean, minimum, maximum and 

range of outputs were derived and used to compare the different settings and frequencies. It was 

discovered that the minimum, maximum and range of outputs were not significantly different 

between Setting Parameter 1 and 2 but were both significantly different from Setting Parameter 

3. These findings were attributed to the fact that the ISM was only active during the testing of 

Setting Parameter 3. Of importance to researchers, findings from this study revealed that when 

the IMU is enabled in the GT9X monitor, the ISM is automatically disabled, despite the user 

selection of this device setting.  
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6.2 Introduction  

 

 Accelerometers have been widely adopted for research and commercial purposes to 

quantify the collective nature of free-living ‘movement behaviours’ of humans (Yang & Hsu, 

2010) including sleep, physical activity and sedentary behaviour (Tremblay et al., 2016). By 

measuring the accelerations experienced by the segment to which they are attached, these 

devices can provide insight into the activity experienced by the wearer; research has also shown 

that they are capable of providing valid measures across a variety of populations (Mathie, 2004).  

In 2014, Actigraph, a popular accelerometer manufacturer, released the GT9X Link 

monitor (Actigraph, 2014, https://actigraphcorp.com/press-release/actigraph-launches-gt9x-link-

activity-monitor/). Similar to its predecessors, the GT9X monitor contains a triaxial 

accelerometer with a dynamic range of ± 8 G, and is designed to be worn on the hip, wrist, ankle 

or thigh. However, unlike previous models the GT9X also contains an inertial measurement unit 

(IMU) that can be enabled or disabled for data collection and houses three additional sensors: a 

triaxial gyroscope (dynamic range of ± 2000 deg/sec), a triaxial magnetometer (dynamic range of 

± 4800 micro-Tesla) and a secondary triaxial accelerometer (dynamic range of ± 16 G). 

Gyroscopes quantify the rotary rate of a system and can therefore be used to discern movement 

related to roll, pitch and yaw (Zeng & Zhao, 2011). Magnetometers measure the strength of the 

local magnetic field in reference to the Earth’s north pole and consequently sense directional 

heading (del Rosario et al., 2015). Coupled with the secondary accelerometer, these sensors offer 

the potential for sophisticated free-living positional and movement analyses (Actigraph, 2014). 

To our knowledge, there are no published free-living assessments that have been performed 

using the GT9X’s IMU. This could be largely due to the restricted battery life of the device when 

the IMU is enabled (~ 28 hours; https://actigraphcorp.force.com/support/s/article/Link-Battery-

Life-and-Memory-Capacity).  

 In addition to the IMU, another setting that Actigraph users must specify at initialization 

is the idle sleep mode (ISM). The purpose of the ISM is to preserve the battery life of the 

monitors by entering a low power state or ‘sleep mode’ after experiencing 10 seconds of 

inactivity, which Actigraph has defined, in their published online manual and support center, as a 

‘fluctuation of less than ± 40 mg’ (Actigraph, 2018). It was apparent to us that the term 

‘fluctuation’ could be interpreted multiple ways, therefore we contacted Actigraph 
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representatives who were able to confirm that the ± 40 mg is with respect to a ‘reference’ value. 

An excerpt from this email exchange is below: 

“With regard to entering the idle sleep mode, the +/- 40 mg is with respect to a reference 

threshold.  As long as the acceleration stays bounded within [REFERENCE + 40mg] and 

[REFERENCE - 40mg], this is considered inactivity and the timer will count until 10 seconds is 

reached and then idle sleep is entered.  If the acceleration exceeds the higher or lower bounds, the 

timer is reset, and the REFERENCE level is changed.  Exiting idle sleep is similar but opposite in 

logic.  If the acceleration stays within [REFERENCE + 40mg] and [REFERENCE - 40mg], the 

device is considered still and will remain asleep.  To exit sleep, the acceleration has to go above 

[REFERENCE + 40mg] or below [REFERENCE - 40mg] for over 0.1 seconds.  The acceleration 

has to stay beyond the upper level or below the lower level for the duration of the 0.1 seconds to exit 

sleep.” 

To more accurately represent this setting, in the current study we will refer to exiting ISM 

as surpassing a threshold band as opposed to a signal ‘fluctuation’. Although choosing to disable 

or enable the ISM has been an option for researchers in previous models (since 2012), the use of 

this feature is seldomly discussed in the literature, and its effects on data validity have yet to be 

fully explored.  

 Researchers have the option to enable both the IMU and ISM in the GT9X device, 

however, while performing unrelated validation testing on the use of this device to measure low 

amplitude movements in free-living populations (similar to what would be produced during 

sedentary behaviours), it has come to our attention that the interaction of the ISM and IMU is 

neither intuitive nor clearly outlined in software manuals. The purpose of this paper is to clarify 

how the concurrent use of these settings affects data acquisition. We sought to investigate the 

interaction of the different Actigraph setting parameters on the raw output captured by the GT9X 

primary accelerometer at low amplitudes. It was expected that the ISM and IMU settings would 

act independently from one another and when the ISM was enabled in the GT9X primary 

accelerometer, no significant differences would be observed with respect to the minimum, 

maximum and range of outputs whether the IMU was enabled or disabled.    

 

6.3 Methods 

6.3.1 Equipment 

 

 A 6 degrees-of-freedom (DOF) robot (Model R2000; Parallel Robotic Systems 

Corporation, Hampton, New Hampshire, USA) with a fixed displacement of 0.5 cm, was used 

for this validation testing to introduce low frequency oscillations. Nine Actigraph GT9X 
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monitors were tested; sampling frequency was set to 100 Hz, however due to communication 

errors during downloading, data from only seven of these monitors were included in the final 

statistical analyses outlined below.  

 

6.3.2 Protocol 

 

 The GT9X monitors were mounted to the 6-DOF robot using highly adhesive tape. As 

the GT9X primary accelerometer is a triaxial sensor, experimental testing was performed to test 

the response of the monitors on the X, Y and Z axes; this was achieved by changing the 

orientation of the monitors on the robot for each testing block. To test the interaction of the IMU 

and ISM, three separate tests for the initialization setting parameters were performed. For Setting 

Parameter 1 (IMUON-ISMON) both the IMU and ISM were enabled; for Setting Parameter 2 

(IMUON-ISMOFF) the IMU was enabled, and the ISM was disabled; finally, for Setting Parameter 

3 (IMUOFF-ISMON) the IMU was disabled, and the ISM was enabled. After collecting an 

unperturbed trial (30 seconds; used for bias removal), low frequency oscillations introduced by 

the 6-DOF robot were applied. These perturbations were consistent across the different 

conditions and were applied to the accelerometers for all three axes of measurement. These 

included six different frequencies: 0.5, 0.75, 1.0, 1.25, 1.5 and 2.0 Hz. Three trials were 

performed at each frequency, and each trial was 1 minute in duration with 15 seconds of no 

movement in between each trial (Figure 6.1A and 6.1B).  

 

6.3.3 Data Analyses 

 

 Actigraph raw data were downloaded and exported to timestamped .csv files using 

ActiLife software (v6.13.4). To perform the subsequent analyses, custom computer code was 

developed in Python (version 3.7.0, Python Software Foundation,  https://www.python.org/) 

using the SciPy (Virtanen et al., 2020), Pandas (Mckinney et al., 2010) and NumPy (Harris et al., 

2020) libraries. First, to remove any ambient high frequency noise in the signal, data from the 

primary GT9X accelerometer was low pass filtered using a 4th order Butterworth filter (filter cut 

off frequency: 15 Hz). In order to remove the signal bias resulting from the device’s orientation 

on the robot, the mean value of the unperturbed trial collected at the start of each testing session 

was calculated and subtracted from the signals recorded for each monitor, for each axis. To 

https://www.python.org/
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compare the accelerometer output during each of the tested frequencies, the mean, minimum, 

maximum and range of the outputs were calculated for each trial. The maximum and minimum 

values obtained during each of the measurement periods, reflect the maximum accelerometer 

outputs that were obtained in the positive and negative direction, with respect to how the axes are 

defined in the Actigraph monitors. These measures were then used to put these amplitudes in the 

context of human movement and compare their output to those obtained from other studies that 

have measured the low amplitude movement of humans (Crotti et al., 2020; Hurter et al., 2018). 

The range of accelerometer outputs was used as a composite measure reflecting the minimum 

and maximum values produced for each measurement period. Due to the fact that single axes 

testing introduced outputs pertaining to both negative and positive accelerations in a tightly 

controlled manner, it was expected that the mean output would be roughly 0 mg throughout all of 

the frequency trials and was therefore not expected to be significantly different across the setting 

parameters. In order to ensure that the robot had reached steady state and the data quantified by 

the accelerometers was reliable, the first and last 15 seconds were excluded prior to performing 

these calculations. As three trials were performed for each frequency, the data were visually 

inspected to ensure that no obvious data outliers were present in a given trial prior to further 

analysis. As no visible outliers were apparent (as expected, given the nature of the controlled 

laboratory environment) an aggregated (average across the three trials) value was then calculated 

for statistical purposes, yielding one value for each dependent variable, at each tested frequency.  

 

6.3.4 Statistical Analyses 

 

 All statistical analyses were conducted using IBM SPSS (Version 26), statistical 

significance was set to p<0.05 and tests regarding assumptions for the statistical analyses were 

performed. All statistical analyses were performed separately for the X, Y and Z sensing axes.  

Three 2-way repeated measures ANOVAs (setting parameter x frequency) were conducted to 

observe the interaction of the ISM and IMU across the tested frequencies for the X, Y and Z 

sensing axes. In the case that Mauchly’s test of sphericity was violated, the Greenhouse-Geisser 

estimates of sphericity were used to correct for the degrees of freedom.  Post hoc T-tests were 

conducted using the Bonferroni adjustments where appropriate.  
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6.4 Results 

 

It was revealed that when the devices were initialized under Setting Parameter 3 

(IMUOFF-ISMON) they all remained in ISM for the entirety of testing, thereby producing an 

output of zero for all of the dependent variables (See Appendix; Figure 9.1). For this reason, 

they were excluded from Figures 6.2, 6.3 and 6.4. 

 

6.4.1 The X sensing axes  

 

Results from the 2-way repeated measures ANOVA did not reveal a significant 

interaction effect nor main effects of either frequency or setting parameter for the mean output 

as the output was essentially zero across all of the setting parameters and frequencies as 

anticipated (See appendix; Figure 9.1). In contrast these analyses did reveal a significant 

interaction effect of setting parameter x frequency for the other dependent variables including: 

minimum F(10, 60)= 894.003 (p<0.001), maximum F(10, 60)=1319.464 (p<0.001) and range 

F(10, 60)= 2489.988 (p<0.001). As such, the data were analyzed for simple effects using a 

Bonferroni adjustment.  

The computed analyses showed that for the simple effect of frequency the minimum, 

maximum and range were significantly different (p<0.05) across all of the frequencies (0.5, 

0.75, 1.0, 1.25, 1.5 and 2.0Hz) when measured using both Setting Parameter 1 (ISMONIMUON; 

Figure 6.2) and 2 (ISMOFFIMUON; Figure 6.2). In contrast, the minimum, maximum and range 

were not significantly different (p>0.05) when measured across the different frequencies when 

the monitors were initialized using Setting Parameter 3 (ISMONIMUOFF). When comparing the 

simple effect of setting parameter, it was revealed that the minimum, maximum and range of 

outputs associated with Setting Parameter 1 (ISMONIMUON) and 2 (ISMOFFIMUON) were not 

significantly different from one another at any of the tested frequencies (p>0.05; see Figure 6.2) 

but were significantly different from Setting Parameter 3 for all of the tested frequencies 

(ISMONIMUOFF; p<0.05). Furthermore, the results indicated that the differences between Setting 

Parameter 3 (ISMONIMUOFF) and the other settings increased as the evoked frequencies 

increased.  
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6.4.2 The Y sensing axes 

 

In line with the results of the X axis testing, no interaction effects were observed for the 

mean output. Furthermore, main effects for frequency or setting parameter were also not 

statistically significant. Similar to the results from the X axis, a significant interaction effect was 

found for the minimum F(10, 50)= 1029.213, maximum F(10, 50)= 1628.548 and range F(10, 

50)= 2537.913. Accordingly, the data were analyzed for simple effects using a Bonferroni 

adjustment.  

The results indicate that the minimum, maximum and range of outputs were 

significantly different (p<0.05) between the different frequencies when measured with Setting 

Parameter 1 (ISMONIMUON) and Setting Parameter 2 (ISMOFFIMUON); Figure 6.3. However, the 

dependent variables were not significantly different (p>0.05) across the different frequencies 

when data was acquired using Setting Parameter 3 (ISMONIMUOFF). Furthermore, similar to the 

simple effect analysis of setting parameter for the X axis, the difference between Setting 

Parameter 1 (ISMONIMUON) and 2 (ISMOFFIMUON) with respect to minimum, maximum and 

range across the different frequencies, did not achieve statistical significance (p>0.05). 

However, these setting parameters were found to be significantly different (p<0.05) from Setting 

Parameter 3 (ISMONIMUOFF) for all of the measured dependent variables across all of the 

frequencies and the observed mean difference increased as the tested frequency increased.  

 

6.4.3 The Z sensing axes  

 

 Similar to the other two axes, there was neither a significant interaction nor main effects 

(frequency and setting parameter) observed for the mean output. The results of the 2-way 

ANOVA for the Z sensing axis were similar to those of the X and the Y revealing a significant 

interaction effect (setting parameter x frequency) for the minimum F(10, 60)= 975.838, 

maximum F(10, 60)= 824.263 and range F(10, 60)= 1427.463. The data were subsequently 

analyzed for simple effects of both frequency and setting parameter, using a Bonferroni 

adjustment.  

It was found that consistent with the other tested axes, the minimum, maximum and 

range of outputs were significantly different (p<0.05) when captured at the different frequencies, 

when Setting Parameter 1 (ISMONIMUON) and Setting Parameter 2 (ISMOFFIMUON) were 
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enabled; Figure 6.4. Whereas they were not significantly different (p>0.05) when measured with 

Setting Parameter 3 (ISMONIMUOFF). Furthermore, when the simple effect of setting parameter 

was analyzed, it was apparent that across the different frequencies, the minimum, maximum 

and range measured by Setting Parameter 1(ISMONIMUON) and 2 (ISMOFFIMUON) were not 

significantly different (p>0.05) from one another; Figure 6.4. In contrast, both Setting (1 and 2) 

were significantly different from Setting Parameter 3 (ISMONIMUOFF) across all frequencies with 

respect to the minimum, maximum and range and similar to the results of the X and Y axes, 

these mean differences increased as the evoked frequencies increased.  

 

6.5 Discussion and Conclusion 

 

 The purpose of this study was to clarify how the ISM and IMU settings, available upon 

initialization of the Actigraph GT9X accelerometer, affect the data acquisition of the GT9X 

primary accelerometer. To this end, we compared the raw acceleration output acquired following 

systematically controlled low frequency oscillations quantified using various combinations of 

these settings. Obtained findings do not support our initial hypothesis, that the ISM and IMU 

would behave independently from one another; this hypothesis was based on how these settings 

are communicated in the online software manuals and during the initialization process in the 

accompanying ActiLife software (ActiLife v6.13.4). It was our expectation that data quantified 

when the ISM was enabled in the GT9X primary accelerometer would not be impacted by 

enabling or disabling the IMU, however, our results demonstrate the opposite to be true. 

Specifically, this was exemplified by the fact that the raw output obtained using Setting 

Parameter 3 (ISMONIMUOFF) was significantly different from that of Setting Parameter 1 

(ISMONIMUON) and 2 (ISMOFFIMUON) for all of the captured frequencies with respect to the 

minimum, maximum and range of the acceleration signal output. Based on our initial 

assumptions, we anticipated that the raw output of the GT9X primary accelerometer would be 

equivalent between Setting Parameter 1 and 3, as the ISM was enabled in both. In reality the 

minimum, maximum and range of data acquired using Setting Parameter 1 and 2 was not 

significantly different as a result of enabling the IMU. As expected, the mean outputs pertaining 

to the different setting parameters were not found to be significantly different from one another 

for the X, Y and Z testing blocks, due to the testing occurring in both the positive and negative 
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direction, and for all setting parameters this output was found to be ~0g (See Appendix for 

representative trial data; Figure 9.1). 

 Furthermore, our results show that the GT9X primary accelerometer was able to 

differentiate all of the tested frequencies when testing was performed using Setting Parameter 1 

(ISMONIMUON) and 2 (ISMOFFIMUON). This was demonstrated by significantly different 

minimums, maximums and ranges measured at 0.5, 0.75, 1.0, 1.25, 1.5 and 2.0 Hz (see Figure 

6.2, 6.3, 6.4). However, when the ISM was enabled and active (during the testing of Setting 

Parameter 3) the monitors remained in ‘sleep’ mode for the total duration of testing; no 

significant differences were found between the frequencies with reference to the minimum and 

maximum and range.  

 As aforementioned, these findings became evident to us while performing unrelated 

validation testing on our Actigraph devices. Accordingly, we contacted Actigraph representatives 

who were able to confirm the interaction of these settings, that by enabling the IMU, the ISM is 

automatically disabled, regardless of what the user has selected during initialization. They also 

noted that detailed information about the use of these settings was not clearly available on their 

website and additionally that the ISM is not a function that is tested as part of their regular 

quality control protocols during the production of these devices. This was interesting, as we 

believe that it is important for researchers to understand how their selection of different setting 

parameters ultimately affects the data they capture, and particularly in the current situation where 

the interaction between these two settings is not intuitive.  

To our knowledge, this is one of the first studies to explore functions related to the ISM 

and IMU, let alone their interaction. Similar to what others have expressed (Hibbing et al., 2018), 

we suspect that the poor battery life of the GT9X monitors when the IMU is enabled has led to 

very few research groups exploring its functionality, especially in free-living settings.  Moreover, 

for unknown reasons, it is not common practice for researchers to describe their selection of the 

ISM setting parameter; to our knowledge, those who have stated their selection have not 

provided an explanation supporting this processing decision (Arvidsson et al., 2019; Buchan et 

al., 2020; Jaeschke et al., 2020; Rowlands et al., 2019; Wolpern et al., 2018; Kuster et al., 2021), 

for example, Arvidsson et al. (2019) who reported enabling the setting when analyzing the 

physical activity of children, adolescents and adults, or Buchan et al. (2020) who reported 

disabling it when analyzing the physical activity of adults. Consequently, the degree of 
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comparability when the ISM in enabled or disabled with respect to free-living analyses remains 

unclear, however, maintaining consistent methodologies throughout a study is important. In 

conclusion, the results of this study indicate that by enabling the IMU, the ISM is automatically 

disabled for the primary accelerometer in the GT9X, despite user selection and despite what is 

communicated in the ActiLife software. Further investigation is needed to compare the validity 

of raw data quantified with the ISM enabled versus disabled, however researchers should be 

aware of this interaction when devising research studies.  
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6.6 Figures and Tables  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.1 : A - An image of the experimental set up for the Y sensing axis of the GT9X 

accelerometers during testing on the 6-DOF robot. B - Schematic of the experimental testing 

blocks and dates that they occurred. Three trials that were 1 minute in duration were performed 

at each of the frequencies, with 15 seconds of no movement between each trial (hatched blocks).  
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Figure 6.2: A- The mean output of the GT9X accelerometer during all of the tested frequencies, according to Setting Parameter 1 and 

2. during the X sensing testing block. B - The minimum output of the GT9X accelerometer during all of the tested frequencies, 

according to Setting Parameter 1, 2 and 3 during the X sensing testing block. C - The maximum output of the GT9X accelerometer 

during all of the tested frequencies, according to Setting Parameter 1, 2 and 3 during the X sensing testing block. D - The range of the 

output of the GT9X accelerometer during all of the tested frequencies, according to Setting Parameter 1, 2 and 3 during the X sensing 

testing block. During the testing of Setting Parameter 3, all monitors remained in ISM resulting in an output of 0 and was therefore 

excluded from these graphs. 
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Figure 6.3: A - The mean output of the GT9X accelerometer during all of the tested frequencies, according to Setting Parameter 1 and 

2 during the Y sensing testing block. B -The minimum output of the GT9X accelerometer during all of the tested frequencies, 

according to Setting Parameter 1, 2 and 3 during the Y sensing testing block. C - The maximum output of the GT9X accelerometer 

during all of the tested frequencies, according to Setting Parameter 1, 2 and 3 during the Y sensing testing block. D - The range of the 

output of the GT9X accelerometer during all of the tested frequencies, according to Setting Parameter 1, 2 and 3 during the Y sensing 

testing block. During the testing of Setting Parameter 3, all monitors remained in ISM resulting in an output of 0 and was therefore 

excluded from these graphs. 
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Figure 6.4: A - The mean output of the GT9X accelerometer during all of the tested frequencies, according to Setting Parameter 1 and 

2 during the Z sensing testing block. B - The minimum output of the GT9X accelerometer during all of the tested frequencies, 

according to Setting Parameter 1, 2 and 3 during the Z sensing testing block. C - The maximum output of the GT9X accelerometer 

during all of the tested frequencies, according to Setting Parameter 1, 2 and 3 during the Z sensing testing block. D - The range of the 

outputs of the GT9X accelerometer during all of the tested frequencies, according to Setting Parameter 1, 2 and 3 during the Z sensing 

testing block. During the testing of Setting Parameter 3, all monitors remained in ISM resulting in an output of 0 and was therefore 

excluded from these graphs.
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7. Study 2 – Examining the ability of different Actigraph models 

to differentiate low frequency oscillations in reference to high 

grade accelerometers and the effects of the Idle Sleep Mode 
 

Authors: Hannah J. Coyle-Asbil, Janik Habegger, Michele Oliver, Lori Ann Vallis 

7.1 Abstract 

Accelerometers have been widely used to monitor the free-living movement behaviours 

of various populations. Recently, there has been a notable shift to an increasingly more sedentary 

lifestyle, yet it remains unclear whether inexpensive accelerometers, such as the globally 

available Actigraph devices, are capable of providing consistent measurements of sedentary 

activities. The primary purpose of this study was to explore the ability of different Actigraph 

accelerometer models to differentiate low frequency oscillations, in reference to high grade 

accelerometers with the idle sleep mode (ISM) disabled (Part 1) and enabled (Part 2) in a 

controlled laboratory environment. For both Part 1 and 2, nine GT9X, fifteen wGT3X-BT and 

two high grade accelerometers were mounted to a 6-degree of freedom robot. Frequencies were 

applied by the robot and measured by the different devices, ranging from 0.5-2.0 Hz for Part 1 

and 0.5-4.0 Hz for Part 2. To compare the different models, the mean, minimum, maximum and 

range of outputs were calculated for each of the frequencies. Findings from Part 1 revealed that 

the similar to the high-grade accelerometers, Actigraph monitors were capable of differentiating 

the low frequency oscillations; the captured output was similar across the different Actigraph 

models but was significantly higher than that reported by the high-grade devices. Results from 

Part 2 demonstrated that amplitudes greater than the described 40 mg threshold were required for 

all of the Actigraph monitors to ‘wake up’; of course, this limitation significantly impacted the 

Actigraph device recordings. The findings from this study support the cross-generational 

comparability of Actigraph accelerometers to decipher low amplitudes movements when the 

ISM is disabled. 
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7.2 Introduction 

 

 To appropriately track typical human movement, it is essential to capture the varying 

volume, and intensity of activities in a free-living environment. To accomplish this goal, many 

scientists and clinicians have implemented accelerometers in their research study designs, as they 

are cost-effective and allow for the procurement of data to be unrestricted (Mathie et al., 2004). 

These small devices can be used to decipher whole body movements of different amplitudes via 

the use of a tri-axial sensing device that measures the acceleration of a body occurring on 

different axes in gravitational equivalents (gs; 1 g = 9.81 m/s2; Mathie et al., 2004; Godfrey et 

al., 2008). Previous research has shown that accelerometers are highly responsive to changes in 

the amplitude of movements, from light (walking) to moderate/vigorous physical activity 

(running; Montoye et al., 2014). Unfortunately, their specificity and sensitivity to changes in 

movements pertaining to lower amplitudes, such as the identification of sleep offset and changes 

in sedentary behaviours (Kinder et al., 2012; Hurter et al., 2018), is less understood. 

Furthermore, accelerometers are limited in their ability to differentiate postures and have shown 

a tendency to both overestimate (Hurter et al., 2018) and underestimate sedentary time (Kozey-

Keadle et al., 2011). With society’s adoption of an increasingly sedentary lifestyle, the ability to 

differentiate low amplitude movement behaviors may enhance our observations and 

subsequently inform health recommendations, as we now know that not all activities contribute 

equivalently to healthy emotional, physical and cognitive development (Radesky et al., 2016; El-

Sheikh & Sadeh, 2015). Hurter et al. (2018) examined a series of sedentary behaviours 

commonly observed in children aged 9-10 years (e.g., watching television, working on 

homework) and demonstrated that the magnitude of separation (measured in mg) between these 

activities is very small. Whether accelerometers are able to reliably provide robust measures that 

can consistently quantify differences between low amplitude movements, still needs to be 

clarified.  

The majority of studies using accelerometers for free-living research report data in the 

form of “activity counts” (Rowlands et al., 2015). These arbitrary values are derived by down 

sampling, filtering and summating acquired acceleration data over a user specified epoch of time 

(Bouten et al., 1997; Gabriel et al., 2010; John et al., 2012). Despite its popularity, there are 

considerable drawbacks to this methodology. For example, many of these algorithms are 
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proprietary and withheld from users which complicates the comparability of results between 

studies using different accelerometer brands (Bai et al., 2016). More recently, manufacturers, 

including Actigraph, one of the most widely used brands amongst researchers (Migueles et al., 

2017), have made it possible to export raw data in gravitational equivalents. Moving towards 

movement behaviour data quantified in its raw form will foster transparency within the field and 

will theoretically make it possible to harmonize methodologies across data sets (van Hees et al., 

2016). However, it is important for researchers to realize that although these data have been 

made available in gravitational equivalents, it is subject to initial processing, i.e., down sampling 

and filtering prior to being written into the devices’ memory chip, which we have learned 

through personal correspondence with the manufacturer. As such, the term ‘raw’ should be 

interpreted with caution. 

The wGT3X-BT and GT9X link monitors are two Actigraph models that are currently in 

circulation around the globe. The housing of these devices is significantly different; the GT9X is 

slightly smaller in size and weight and contains an inertial measurement unit (IMU) that houses 

four additional sensors (gyroscope, magnetometer, secondary accelerometer and thermometer). 

Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh 

Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh hhhhh 

Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh hhhhh 

Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh hhhhh 

Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh hhhhh 

Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh hhhhh 
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Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh hhhhh 

Hhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhhh hhhhh 
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A previous study performed by Clevenger et al. (2020), compared both the raw and count 

based outputs, captured by the wGT3X-BT and the primary accelerometer in the GT9X when 

simultaneously worn by individuals aged 7-17 years in a free-living setting. Using two one-sided 

tests of equivalency, it was revealed that the mean raw output of the two models was not 

statistically equivalent (Clevenger et al., 2020), however, when compared in the form of counts 

per unit of time (i.e., count/15 seconds) the outputs were not found to be statistically different 
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(Clevenger et al., 2020). In order to definitively establish whether the direct output of these 

models is analogous, it is important to control for variability that may inherently be introduced in 

a free-living setting, e.g., slight differences in securing the device onto the participant’s body. 

Furthermore, there is limited research on the GT9X’s secondary accelerometer; this could be 

largely due to the poor battery life resulting from enabling the IMU. To our knowledge how the 

raw output of the secondary accelerometer sensor collates with the aforementioned sensors has 

yet to be explored. 

 The idle sleep mode (ISM) is an initialization setting available for users to enable (or 

disable) on all Actigraph devices. The stated purpose of the ISM is to “preserve battery life when 

a device is in idle (not experiencing movement)” (Actigraph, 2018; 

https://actigraphcorp.force.com/support/s/article/Idle-Sleep-Mode-ExplainedActigraph 2018). 

After 10 seconds of inactivity, which according to Actigraph is equivalent to a fluctuation of < ± 

40 mg, the device will enter ISM. In this mode, the last sampled raw output is written into the 

device’s memory until movement >40 mg is detected once again (Actigraph 2018). We contacted 

Actigraph representatives to further clarify this definition as it became apparent to us that 

‘fluctuation’ may be interpreted multiple ways. It was confirmed that as long as the acceleration 

stays bounded within ± 40 mg of a reference threshold it is considered inactivity and ISM will be 

entered; if the acceleration exceeds the higher or lower bounds, the time is reset, and the 

reference level is changed. Therefore, to more accurately represent this, we will refer to exiting 

ISM as surpassing a 40 mg threshold band (in the positive or negative direction) as opposed to 

‘fluctuation’. It is evident upon reviewing the literature that researchers rarely report if this 

function is enabled or disabled and, in the rare case when a statement about the ISM is made, the 

rationale for their choice to use/not use this signal processing tool is not provided (e.g., 

Arvidsson et al., 2019; Buchan et al., 2020; Jaeschke et al., 2020; Rowlands et al., 2019; 

Wolpern et al., 2018; Kuster et al., 2021). To our knowledge, the ISM is not subject to quality 

control assessments during the production process of the Actigraph monitors. Understanding 

how the ISM affects data validity, particularly during the analysis of low frequency and 

amplitude movement, such as sedentary behaviours and sleep, still needs to be clarified.  

 Our research group uses Actigraph devices to track the physical activity and sleep of 

preschool aged children enrolled in the Guelph Family Health Study (GFHS). The GFHS is a 

family-based study intended to identify early childhood risk factors for obesity and related 
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diseases. The goal of this longitudinal study is to promote adequate exercise and healthy eating, 

and to improve daily habits of local families. Given the aforementioned gaps in the literature, the 

objective of this study was to investigate and compare the raw output of different Actigraph 

models at low amplitudes, similar to what an individual would experience during sedentary 

behaviours and identify how initialization parameters may affect these measurements. In the 

context of this broader work the first research question that this study sought to address (Part 1) 

was whether the wGT3X-BT and GT9X (both primary and secondary) monitors can consistently 

provide measurements of low frequency oscillations in reference to high grade accelerometers 

and how this compares between the Actigraph devices. Our second research question (Part 2) 

was to determine whether the ISM software setting alters the raw measures of these low 

frequency oscillations, and how this compares between the different accelerometer models 

(wGT3X-BT and GT9X). It was hypothesized that due to the fact that the raw output from the 

wGT3X-BT and primary GT9X Actigraph accelerometers is subject to the same internal 

processing chains, the captured data will be equivalent statistically but will be significantly 

different from the secondary GT9X accelerometers (as this device is subject to different internal 

processing) as well as the high-grade accelerometers. It is further expected that trials from Part 1, 

where the evoked frequencies resulted in maximum and minimum amplitudes that surpass the 

pre-set ±40 mg threshold band, will cause the devices to exit ISM and that this will be reflected 

similarly between the different Actigraph models. 

 

7.3 Methods 

7.3.1 Equipment 

 

Low frequency oscillation testing was performed using a 6 degrees-of-freedom (DOF; 

Parallel Robotic Systems Corporation, Hampton, New Hampshire, USA) robot with a fixed 

displacement of 0.5 cm. For the analyses, 15 wGT3X-BT Actigraph monitors were used, along 

with 8 GT9X monitors. The wGT3X-BT and GT9X primary accelerometer are both a triaxial 

MEMS sensors with a dynamic range of ± 8G, whereas the GT9X secondary accelerometer is a 

triaxial sensor with a dynamic range of ± 16G. The sampling frequency of the wGT3X-BT, 

GT9X primary and secondary accelerometers was set to 100 Hz. As a reference, 2 high-grade 

accelerometers (Triaxial ICP; PCB Piezotronics, Depew NY, USA; Appendix 9.3) were used. 
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These accelerometers are AC (alternating current) coupled with a measurable frequency range of 

0.5-3000Hz (± 5%). The sampling frequency of the high-grade accelerometers was set at 1280 

Hz, as this is standard practice in the laboratory where testing was conducted. Note that due to a 

software communication error that occurred in one of the GT9X devices in Part 2 of the study, 

the results from Part 2 reflect the data of 7 GT9X monitors, 15 wGT3X-BT monitors and 2 high 

grade devices.  In contrast, the results from Part 1 of the study reflect the data of 8 GT9X 

monitors, 15 wGT3X-BT and 2 high grade monitors, excluding the X sensing testing block 

where 12 wGT3X-BT monitors were used, due to an issue associated with mounting 3 of the 

devices. 

 

7.3.2 Protocol  

7.3.2.1 Part 1: Low amplitude testing 

 

 For Part 1 of the study, the ISM was disabled in all Actigraph monitors and the GT9X 

secondary accelerometer was enabled. The wGT3X-BT and GT9X monitors were mounted to 

the 6-DOF robot using highly adhesive tape (Figure 7.1). The robot was programmed to oscillate 

in the Z axis; therefore, three blocks of trials were collected to test the response of the X, Y and 

Z sensing axes of the Actigraph monitors. This was achieved by changing the orientation of the 

wGT3X-BT and GT9X on the robot for the corresponding block. The two high grade 

accelerometers were also mounted to the robot using wax. These high-grade devices served as 

measurement references for the Actigraph monitors, their orientation remained fixed throughout 

the entirety of the study protocol and only the data from the Z sensing axis were analyzed. The 

output from a 30 second stationary (non-perturbation) trial on each axis was collected (prior to 

the perturbation trials) to facilitate the calculation of a signal bias. Six different frequencies (0.5, 

0.75, 1.0, 1.25, 1.5 and 2.0 Hz) of perturbations were then applied using the 6-DOF robot via 

custom written computer code using the environment QT Creator (version 5.3.1) for each of the 

different testing blocks (X, Y and Z). At each test frequency, three 1-minute trials were 

performed with 15 seconds of no movement between each trial. The robot had a limited, fixed 

displacement of 0.5 cm; accordingly, these frequencies were chosen to evoke acceleration 

amplitudes similar to what has previously been reported for children participating in sedentary 

behaviours (Hurter et al., 2018; Crotti et al., 2020).   
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7.3.2.2 Part 2: Idle sleep mode testing + Low Amplitude testing  

 

The ISM testing took place on a separate day using a similar study protocol to Part 1. Due 

to the fact that enabling the secondary accelerometer automatically disables the ISM, only data 

acquired by the primary GT9X accelerometer and wGT3X-BT monitor output could be 

compared. Identical to Part 1, the Actigraph monitors were mounted to the robot using highly 

adhesive tape and their orientation was changed to test each axis of their triaxial sensor; the high-

grade accelerometers remained fixed in place throughout Part 2 testing. Based on the amplitude 

of the accelerometer signal output measured in Part 1, the frequency range was increased for Part 

2 to measure the response of the Actigraph accelerometers when the ISM was enabled; this 

consisted of the following ten frequencies: 0.5, 0.75, 1.0, 1.25, 1.5, 2.0, 2.5, 3.0, 3.5 and 4.0 Hz. 

Once again, a 30 second unperturbed trial was performed and three 1-minute-long trials with 15 

second of no movement in between were collected at each frequency, as outlined above for Part 

1.  

 

7.3.3 Data Analyses  

 

 Upon completion of the study protocol, the Actigraph raw data were downloaded and 

exported to timestamped .csv files using Actilife software (Actigraph, version 6.13.4; Pensacola, 

Fla., USE). Python scripts (version 3.7.0, Python Software 

Foundation,  https://www.python.org/) were developed using the SciPy (Virtanen et al., 2020), 

Pandas (Mckinney et al., 2010) and NumPy (Harris et al., 2020) libraries to perform the 

subsequent data analyses. Data from all of the Actigraph accelerometers were low pass filtered 

(4th order Butterworth filter; cut off: 15 Hz) to remove any high frequency noise that may have 

been present in the system. The data from the high-grade accelerometers was high pass filtered 

(filter cut off frequency = 0.1 Hz) during data acquisition as part of the collection protocol (part 

of the QT Creator environment). In post-processing, the data was then low pass filtered (4th order 

Butterworth filter; cut off: 15 Hz, Python, version 3.7.0) and subsequently down sampled from 

1280 Hz to 100 Hz in order to provide a more appropriate comparison with the data quantified 

via the Actigraph monitors. 

https://www.python.org/
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Due to the fact that the high-grade accelerometers are AC coupled, they are not capable 

of measuring acceleration below a certain frequency, in this case 0.5 Hz. In contrast, the 

Actigraph accelerometers are MEMS monitors meaning they are DC (direct current) coupled and 

can therefore measure static accelerations resulting from gravity. Given this information, we 

subtracted a signal bias derived from a 30 second non-perturbation trial for each axis, from the 

Actigraph accelerometers to remove the acceleration due to gravity that was associated with their 

orientation. This provided a clearer comparison to the high-grade accelerometers.  

To address the research questions posed (see above), the mean, minimum, maximum and 

range of the ‘raw’ output from the middle 30 seconds from each 1-minute-long trial were 

calculated; the first 15 seconds and last 15 seconds from each trial were excluded during the 

calculation in order to ensure that each device reached a steady state at each frequency. The 

maximum and minimum values refer to the maximum accelerometer outputs that were obtained 

in the positive and negative direction, with respect to how the axes are defined in the Actigraph 

monitors. These measures were then used to put this output into the context of human movement 

and compare these amplitudes to studies focused on the low amplitude movements of humans 

(Hildebrand et al., 2014; Hurter et al., 2018). Furthermore, the maximum and minimum were 

used as a reference for when the Actigraph accelerometers should be expected to exit ISM for 

Part 2 of the study. To provide a composite measure of the two, the range of accelerometer 

outputs was used. The mean was the average output obtained during the trial, however, due to 

the fact that these single axes testing introduced output pertaining to both negative and positive 

accelerations in tightly controlled manner, it was expected that the mean output would be 

roughly 0 g and therefore was not expected to be significantly different across any of the models 

or frequencies. Prior to aggregating across the three trials at each frequency, the data was 

visually inspected to ensure that no obvious outliers were present in the data. As expected, given 

the nature of the controlled laboratory environment, no obvious outliers were present thus an 

aggregated value (average across the three trials) was calculated for statistical purposes, yielding 

one value for each dependent variable, for each tested frequency. 
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7.3.4 Statistical Analyses 

 

The statistical analyses were computed using SAS University Edition (Version 9.4) and a 

p-value of <0.05 was considered statistically significant for all analyses. Tests regarding the 

assumptions were performed and post hoc T-tests were conducted using Tukey adjustments 

when appropriate. To address our research questions from Part 1, Generalized Linear Mixed 

Models (GLMM) were performed for the mean, minimum, maximum and range of outputs for 

the X, Y and Z axes to establish whether there were significant differences in the raw output of 

the different monitor models at the tested frequencies (Monitor models x Frequencies). Similarly, 

to address our research question from Part 2, 12 GLMMs were conducted for the mean, 

minimum, maximum and range of outputs pertaining to the X, Y and Z axes in order identify 

whether significant differences were present between the monitor types and frequencies 

examined (Monitor models x Frequencies) when the ISM was enabled in the Actigraph devices. 

Under consultation from a statistician, GLMMs were used for both Part 1 and 2 as they allowed 

for flexible variance structures; for these analyses the GLMMs were adjusted in SAS to use the 

variation error within each monitor model rather than using the default residual errors that 

calculate the differences between the observed and predicted values across the sample, in order 

to better represent the data.  

 

7.4 Results 

7.4.1 Part 1: ISM disabled 

7.4.1.1 The X sensing axis 

 

 Results from the GLMMs did not reveal any significant interaction effects. A significant 

main effect of both frequency (F=14.20, p=0.0001; Figure 7.2) and monitor model (F=11.17, 

p=0.0022; Figure 7.2) was detected according to the GLMM for the mean output values. Post 

hoc analyses revealed that the frequencies where mean output was significantly different, 

corresponded to mean differences of less than 0.02 mg and were therefore deemed negligible.  

Similarly, the results revealed that the mean output values of the wGT3X-BT and secondary 

GT9X were significantly different from the high-grade monitor, however, the mean differences 
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were found to be less than 0.3 mg and were as well deemed negligible (See Appendix; Figure 

9.2).  

In addition to the GLMM for the mean, a significant main effect of model and frequency 

were detected according to the GLMM of the minimum (F=83.32, p<0.0001; F=22359.2, 

p<0.0001; Figure 7.2), GLMM of the maximum (F=103.71, p<0.0001; F=13251.9, p<0.0001, 

Figure 7.2) and GLMM of the range outputs (F=187.49, p= <0.0001; F=18910.9, p<0.0001; 

Figure 7.2). For all of these GLMMs, post hoc analyses revealed that the wGT3X-BT and 

primary GT9X were not significantly different from one another, but were significantly different 

than the other models. Moreover, it was revealed that the secondary GT9X and high-grade 

monitor were also significantly different from one another. The post hoc analyses for the effect 

of frequency according to these three GLMMs further revealed that the minimum, maximum 

and range dependent variables were significantly different across all of the frequencies.  

 

7.4.1.2 The Y sensing axis  

 

 Similar to the X testing block, the GLMMs did not reveal any significant interaction 

effects. Results from the GLMM of the mean output indicated no main effect of monitor model, 

however, similar to the X axis, a significant main effect of frequency (F=7.59; p= 0.002; Figure 

7.3) was found between a number of the frequencies, however these mean differences were all 

less than 0.05 mg and were therefore not considered meaningfully relevant. Main effects of both 

monitor model and frequency were found to be significant pertaining to the GLMM of the 

minimum (F=83.53, p= <0.0001; F=8347.72, p= <0.0001; Figure 7.3), maximum (F=109.30; 

p= <0.0001; F=12570.1; p= <0.0001; Figure 7.3) and range outputs (F=207.05, p= <0.0001; 

F=26905.7, p= <0.0001; Figure 7.3), which was very similar to those derived from the X axis in 

that all of the monitor models were significantly different, excluding the wGT3X-BT and 

primary GT9X. Furthermore, the post hoc t test revealed that the tested frequencies were all 

significantly distinct according to the GLMM of the minimum, maximum and range.  

 

7.4.1.3 The Z sensing axis 

 

 No significant interaction effects were found for any of the GLMMs. The results of the Z 

sensing axis, were ultimately similar to that of the Y and X. A main effect of frequency (F=7.59, 
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p=0.002; Figure 7.4) was found for the GLMM pertaining to the mean output variable, however, 

again these differences were <0.05 mg and therefore not relevant to the overall findings of this 

study. No significant main effect of model was detected for the mean output. A main effect of 

model and frequency were found for the GLMM of the minimum (F=73.95, p= <0.0001; 

F=12584.2; p= <0.0001; Figure 7.4), maximum (F=54.94, p= <0.0001; F=13603.7, p= <0.0001; 

Figure 7.4) and range output variables (F=72.16; p= <0.0001; F=23524.2; p= <0.0001; Figure 

7.4). The post hoc analyses for the minimum output revealed that the primary and secondary 

GT9X were not significantly different from one another but were significantly different than the 

wGT3X-BT. Furthermore, the GLMM for the minimum output found that all of the Actigraph 

monitors were significantly different than the high-grade monitor. Moreover, the results of the 

GLMM for the maximum output did not reveal any significant differences between the wGT3X-

BT and primary GT9X or the secondary GT9X, however the 2 GT9X models were found to be 

significantly different from one another. Similar to the GLMM for the minimum output, the 

GLMM for the maximum output revealed that the high-grade monitor was significantly different 

than the Actigraph devices. Lastly, for the range of outputs, the GT9X secondary and wGT3X-

BT monitors were found to be statistically equivalent but were significantly different to the 

GT9X primary monitor and high-grade monitor. Additionally, the GLMM for the range of 

outputs found that the GT9X primary and high-grade monitor were significantly different.   

 

7.4.2 Part 2: ISM enabled  

 

 During the data analyses for Part 2 of the study we discovered that when the ISM was 

enabled, all of the Actigraph monitors remained in ISM for the 0.5, 0.75, 1.0, 1.25, 1.5, 2.0 and 

2.5 Hz testing; this was consistent across all devices and all tested axes. For the 3.0, 3.5 and 4.0 

Hz testing this incidence did not appear to be as consistent, with some devices exiting ISM for 

these frequency trials, while others appeared to have entered and exited ISM sporadically. 

Therefore, in order to not disproportionately affect the data, trials were visually inspected for the 

incidence of ISM. Provided data were present for at least 2 out of 3 experimental trials, data was 

aggregated across test conditions and a single average value for each test condition was 

calculated. Furthermore, conducive to our statistical analyses, the data were split, and tests were 
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only run on the 3.0, 3.5 and 4.0 Hz frequencies, as below this threshold the output was 0 g for all 

dependent variables.  

 

7.4.2.1 The X sensing analyses 

 

 For the X sensing axis, it was observed that at 3.0 Hz, 2 of the 7 GT9X and 4 of the 15 

wGT3X-BT monitors remained in ISM. At 3.5 and 4.0 Hz, all of the monitors appeared to be 

actively collecting data. No interaction effects were observed for any of the dependent variables. 

The results from the GLMM for the mean output revealed a main effect of model (F=6.98, 

p=0.0018; Figure 7.5), with the post hoc analysis demonstrating a significant difference between 

the wGT3X-BT and high-grade monitor. The post hoc analysis revealed that the mean output of 

the GT9X was not significantly different from either of the other monitors. No significant main 

effect of frequency was detected for the mean output variable. A significant main effect of 

frequency was detected for the GLMM of the minimum (F=1495.69, p= <0.0001; Figure 7.5), 

GLMM of the maximum (F=1905.83, p= <0.0001; Figure 7.5) and GLMM of the range output 

variables (F=1740.16, p= <0.0001; Figure 7.5). The Tukey post hoc analysis conducted using 

the different GLMMs, revealed that the 3.0, 3.5 and 4.0 Hz were all significantly distinct with 

respect to the minimum, maximum and range. A main effect of model was not found to be 

significant for the GLMMs of the minimum, maximum and range output variables. 

 

7.4.2.2 The Y Sensing analyses 

 

 At 3.0 Hz, 2 out of the 7 GT9X monitors and 12 out of the 15 wGT3X-BT monitors 

remained in ISM. At 3.5 Hz all of the monitors appeared to be active, whereas at 4.0 Hz, 5 out of 

the 7 GT9X monitors went back into ISM, and all 15 of the wGT3X-BT monitors remained 

active.  

 Results from the GLMMs of the different dependent variables did not reveal any 

significant interaction effects, and no significant main effects were observed for the GLMM of 

the mean output variable (Figure 7.6). In contrast, the main effect of model was not found to be 

significant in the GLMMs of the minimum, maximum and range output variables. The main 

effect of frequency was found to be significant for the GLMM of the minimum (F=147.45, p= 

<0.0001; Figure 7.6), GLMM of the maximum (F=148.52, p= <0.0001; Figure 7.6) and 
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GLMM of the range (F=149.96, p= <0.0001; Figure 7.6). The different post hoc analyses, 

pertaining to each of the different GLMMs, revealed that the frequencies were all significantly 

different from one another.  

 

7.4.2.3 The Z sensing analyses 

 

 The majority of the wGT3X-BT (13 out of 15) and GT9X (5 out of 7) were asleep for the 

3.0 Hz testing on the Z axis, however for the 3.5 and 4.0 Hz, all of the monitors were awake and 

actively collecting.  

 The results of the GLMMs revealed that there were no interaction effects nor was a main 

effect of monitor model observed.  In contrast, a main effect of frequency was found to be 

significant for the mean (F=24.84, p= <0.0001; Figure 7.7), minimum (F=300.12, p= <0.0001; 

Figure 7.7), maximum (F=278.61, p= <0.0001; Figure 7.7) and range (F=295.92, p= <0.0001; 

Figure 7.7). The post hoc analysis pertaining to the different GLMMs revealed that all of the 

frequencies were significantly distinct from one another with respect to the minimum, maximum 

and range. The post hoc of the GLMM for the mean output revealed that the 4 Hz trial was 

significantly different than the 3.0 and 3.5 Hz trials, however, the mean differences were 

equivalent to less than 0.04 mg, and therefore were not considered meaningful in the overall 

context of the study.  

 

7.5 Discussion 

 

 The primary purpose of this study was to explore and compare the capabilities of the 

different Actigraph accelerometers, currently in circulation, to measure low frequency 

oscillations in reference to high-grade accelerometers. For Part 1 of the study, it was assumed all 

of the tested models would be able to clearly and consistently differentiate the applied 

frequencies with respect to the minimum, maximum and range of outputs. The results were able 

to confirm this hypothesis, demonstrated by the fact that all of the dependent variables, excluding 

the mean outputs, were found to be significantly distinct when measured at 0.5, 0.75, 1.0, 1.25, 

1.5 and 2 Hz, across all axes. As expected, due to the positive and negative direction testing, the 

mean output was either not significantly different, or the resulting differences were not 

meaningfully different (See Appendix for representative trial data; Figure 9.2).  
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Obtained findings, further support our initial hypothesis, that the acceleration output 

quantified by the primary GT9X and wGT3X-BT accelerometer would be indistinct. The 

minimum, maximum and range of outputs quantified by the GT9X primary and wGT3X-BT 

monitors in Part 1 of the study were either not significantly different from one another (X and Y 

axes), or in the case of certain test conditions, the mean differences were very small (e.g., for the 

Z axis, less than 1 mg). Our original hypothesis for Part 1 was based upon the premise that the 

internal sensor housed within the primary GT9X and wGT3X-BT are the same model and 

therefore follow identical internal processing steps. The only clear separation that can be made 

between these two models is the difference in their external design, however, given the findings 

of this study it appears that this does not result in differences within acquired acceleration data 

that are either significant or meaningful in the frequency ranges tested. A study performed by 

Clevenger et al. (2020), compared the free-living output of these monitors by asking participants 

to wear them on their hip for 7 days. In contrast to our findings, they reported that the 

acceleration output was not statistically equivalent between these devices (Clevenger et al., 

2020). A potential explanation for the differing results is likely attributed to the fact that unlike 

our study which was performed in a tightly controlled laboratory setting, their analysis took 

place in a free-living environment, introducing greater variability and as stated in their paper, it 

is possible that the acceleration output may have been impacted by differing positions and 

orientations of the monitors when they were worn (Clevenger et al., 2020). Furthermore, the 

movement patterns and associated frequencies that are experienced by humans in a free-living 

environment, may not necessarily be the same as what was tested in our controlled laboratory 

protocol. 

In addition to the data acquired by the wGT3X-BT and GT9X monitors not being 

significantly different from each other, it was expected that the secondary GT9X and high-grade 

monitors would yield significantly different data compared to the other Actigraph 

accelerometers. The findings derived from this study support our initial hypothesis, demonstrated 

by the fact the results of the X and Y axis GLMMs indicated significant differences between the 

secondary GT9X and the other Actigraph models with respect to the minimum, maximum and 

range of outputs, with the secondary GT9X reporting lower outputs. As mentioned in the 

introduction, we attribute this to the differential processing that is applied as well as a different 

internal sensor. Although all three are Actigraph products were collected at the same sampling 
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frequency, the secondary GT9X raw data has less initial internal processing applied to it, which 

we learned through personal correspondence with the Actigraph manufacturers (please refer to 

introduction for details). However, it should be noted that although these measured differences 

were found to be statistically significant, they were observed to be relatively small with 

differences of approximately 1-2 mg, and in fact, for the Z axes testing, the secondary GT9X 

accelerometer was not found to be significantly different. This brings into question whether these 

subtle differences between it and the other Actigraph models are truly meaningful.  

 Similarly, the high-grade accelerometer data were found to be significantly different 

compared to all of the Actigraph devices further confirming our hypothesis. However, unlike the 

mean difference observed between the Actigraph models, this difference was found to be larger; 

the high-grade monitor reported significantly lower outputs during Part 1 of the study 

(frequencies ranging from 0.5 to 2.0 Hz). Interestingly, for the 3.0 to 4.0 Hz trials that took place 

in Part 2 of the study (when the Actigraph devices had awoken from ISM) the output between 

the primary GT9X, and wGT3X-BT was no longer significantly different from output acquired 

using the high-grade monitor. To put this in the context of actual free-living analysis, the 

oscillations in Part 1 resulted in maximum outputs that would correspond to sedentary 

behaviours, excluding the 2.0 Hz trial which is just above the sedentary cut off and would fall 

under “light physical activity” experienced by young children (Crotti et al., 2020; Hurter et al., 

2018), whereas the outputs from Part 2 fit the classification of moderate to vigorous physical 

activity in young children (Crotti et al., 2020). These findings indicate to us that similar to the 

high-grade monitors, Actigraph devices are capable of differentiating low amplitude oscillations, 

however, the captured magnitude is significantly greater, implying that movement thresholds, 

when created in the future, would need to specific for our monitors. 

 The secondary purpose of this study was to explore the effect of enabling the ISM on the 

measurement capabilities of the Actigraph devices. We had hypothesized that the frequency 

oscillations from Part 1 of this study where maximum outputs were found to surpass the pre-set 

40 mg threshold band, would result in the Actigraph devices exiting ISM and actively collecting 

data. This hypothesis was based upon what has been communicated by Actigraph (Actigraph, 

2018). Our obtained findings do not support the initial hypothesis as it was observed that 

oscillations resulting in maximum and minimum outputs higher than ±40 mg, were required for 

the Actigraph devices to exit ISM. The results from Part 1 determined that the maximum output, 
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in both the negative and positive directions, of all the monitors during the 2.0 Hz trials surpassed 

the ±40 mg threshold band, however, in Part 2 it was not until the 3.0 Hz trials that any of the 

monitors were observed to have exited ISM and it was not until 3.5 Hz that all of the devices 

appeared to ‘wake up’; in these trials  the maximum output corresponded to ~140 mg which most 

certainly surpassed the specified 40 mg threshold stipulated by Actigraph (2018). A possible 

explanation for this may be that this activity not sustained for long enough in order for the 

Actigraph devices to register that the 40 mg threshold had been surpassed; as previously 

mentioned, the activity must be sustained for 0.1 seconds.  

Furthermore, we observed that these results were not consistent across the tested axes 

with our monitors sporadically entering and exiting ISM, with a higher occurrence of anomalies 

taking place in the Y axis compared to the X or Z axes. Through visually inspecting the Y axis 

data for the incidence of ISM, it was observed that the majority of the GT9X devices (5 out of 7) 

re-entered ISM for the 4Hz trials after actively collecting for the duration of 3.5 Hz trials. 

A limitation of this work is related to the experimental setup. The 6-DOF robot that was 

used to evoke the frequencies has a fixed displacement of 0.5 cm, which meant this limited the 

range of amplitudes we were able to test. With regards to Part 2 of the study, it is possible that 

there was noise in the signal that is sampled as part of the ISM internal processing; this noise 

may have resulted in the devices not being able to clearly differentiate the tested frequencies of 

interest. This might explain why some devices recorded data while others did not. Currently, it is 

unclear how enabling the ISM may affect the reporting of movement behaviour health outcomes. 

In relation to sleep analysis, research has shown that the overall communicated outcomes 

pertaining to one night of sleep are not significantly different but does however lead to changes 

in minute-by-minute comparisons (Gorzelniak et al., 2013). Further research is needed to clarify 

whether the ISM is as unpredictable in free-living situations as what we observed with our 

experimental set-up.  

 

7.6 Conclusion 

 

 In conclusion, Part 1 of this study demonstrates that similar to high grade accelerometers, 

when the ISM is disabled in Actigraph accelerometer models that are currently in circulation 

around the globe, they are able to consistently differentiate low frequency oscillations that result 
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in amplitudes similar to what is experienced during the sedentary behaviours of young children 

(Hurter et al., 2018; Crotti et al., 2020),  but in reference to these higher end monitors, the 

magnitude of the output is slightly higher.  Furthermore, our findings support the cross 

generational comparability of the GT9X primary accelerometer and the wGT3X-BT but 

demonstrate the subtle disparity between the secondary accelerometer housed within the GT9X. 

These results show that in reference to high-grade accelerometers, the Actigraph wGT3X-BT 

and GT9X devices output consistently greater accelerations. Moreover, we found that despite 

what is written in the software manuals, amplitudes greater that ± 40 mg may be required for 

Actigraph devices to wake up from ISM, due to the fact that the activity must be sustained for 

0.1 seconds. While the current study was focused on structured laboratory testing, there may be 

important implications of this finding for free-living accelerometer-based studies; if ISM is 

enabled, a significant amount of low frequency content data may be lost which may be of critical 

importance, depending on the research questions being studied. Future research should explore 

how the ISM behaves in a free-living environment and how it impacts outcome measures 

particularly pertaining to lower amplitude movements such as sleep and sedentary behaviours.  
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7.7 Figures and Tables 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.1: A - Image of the experimental set-up for the Y sensing axis on the 6-DOF robot. The 

red accelerometers are the wGT3X-BT monitors, the black monitors are the GT9X monitors and 

the two monitors with the blue leads are the high-grade triaxial accelerometers. B - Schematic of 

the experimental testing blocks for Part 1 and 2 of the study. Three trials that were 1 minute in 

duration were performed at each of the frequencies, with 15 seconds of no movement between 

each trial (hatched blocks).   
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Figure 7.2: A - The mean output according to the GT9X (primary and secondary), wGT3X-BT and high-grade accelerometer at each 

of the tested frequencies during the X sensing testing block of Part 1. B - The minimum output according to the GT9X (primary and 

secondary), wGT3X-BT and high-grade accelerometer at each of the tested frequencies during the X sensing testing block of Part 1. C 

- The maximum output according to the GT9X (primary and secondary), wGT3X-BT and high-grade accelerometer at each of the 

tested frequencies during the X sensing testing block of Part 1. D - The range of outputs according to the GT9X (primary and 

secondary), wGT3X-BT and high-grade accelerometer at each of the tested frequencies during the X sensing testing block of Part 1. 
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Figure 7.3: A - The mean output according to the GT9X (primary and secondary), wGT3X-BT and high-grade accelerometer at each 

of the tested frequencies during the Y sensing testing block of Part 1. B - The minimum output according to the GT9X (primary and 

secondary), wGT3X-BT and high-grade accelerometer at each of the tested frequencies during the Y sensing testing block of Part 1. C 

- The maximum output according to the GT9X (primary and secondary), wGT3X-BT and high-grade accelerometer at each of the 

tested frequencies during the Y sensing testing block of Part 1. D - The range of outputs according to the GT9X (primary and 

secondary), wGT3X-BT and high-grade accelerometer at each of the tested frequencies during the Y sensing testing block of Part 1. 
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Figure 7.4: A - The mean output according to the GT9X (primary and secondary), wGT3X-BT and high-grade accelerometer at each 

of the tested frequencies during the Z sensing testing block of Part 1. B - The minimum output according to the GT9X (primary and 

secondary), wGT3X-BT and high-grade accelerometer at each of the tested frequencies during the Z sensing testing block of Part 1. C 

- The maximum output according to the GT9X (primary and secondary), wGT3X-BT and high-grade accelerometer at each of the 

tested frequencies during the Z sensing testing block of Part 1. D - The range of outputs according to the GT9X (primary and 

secondary), wGT3X-BT and high-grade accelerometer at each of the tested frequencies during the Z sensing testing block of Part 1. 
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Figure 7.5: A - The mean output according to the GT9X (primary), wGT3X-BT and high-grade accelerometer at each of the tested 

frequencies during the X sensing testing block of Part 2. B - The minimum output according to the GT9X (primary), wGT3X-BT and 

high-grade accelerometer at each of the tested frequencies during the X sensing testing block of Part 2. C - The maximum output 

according to the GT9X (primary), wGT3X-BT and high-grade accelerometer at each of the tested frequencies during the X sensing 

testing block of Part 2. D - The range of the outputs according to the GT9X (primary), wGT3X-BT and high-grade accelerometer at 

each of the tested frequencies during the X sensing testing block of Part 2. 
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Figure 7.6: A - The mean output according to the GT9X (primary), wGT3X-BT and high-grade accelerometer at each of the tested 

frequencies during the Y sensing testing block of Part 2. B - The minimum output according to the GT9X (primary), wGT3X-BT and 

high-grade accelerometer at each of the tested frequencies during the Y sensing testing block of Part 2. C - The maximum output 

according to the GT9X (primary), wGT3X-BT and high-grade accelerometer at each of the tested frequencies during the Y sensing 

testing block of Part 2. D - The range of the outputs according to the GT9X (primary), wGT3X-BT and high-grade accelerometer at 

each of the tested frequencies during the Y sensing testing block of Part 2. 
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Figure 7.7: A - The mean output according to the GT9X (primary), wGT3X-BT and high-grade accelerometer at each of the tested 

frequencies during the Z sensing testing block of Part 2. B - The minimum output according to the GT9X (primary), wGT3X-BT and 

high-grade accelerometer at each of the tested frequencies during the Z sensing testing block of Part 2. C - The maximum output 

according to the GT9X (primary), wGT3X-BT and high-grade accelerometer at each of the tested frequencies during the Z sensing 

testing block of Part 2. D - The range of the outputs according to the GT9X (primary), wGT3X-BT and high-grade accelerometer at 

each of the tested frequencies during the Z sensing testing block of Part 2.
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8. General Discussion 

8.1 Overview of the results  

 

 Accelerometers have been used extensively to track the free-range movement behaviours 

of diverse populations, including Canadian preschool aged children (Mathie et al., 2004; Carson 

et al., 2017). As of late, recommendations have been proposed to move away from count-based 

analyses and towards implementing raw based techniques (Rowlands et al., 2015; van Hees et 

al., 2016). Although the simple-to-use nature of count-based measures makes this approach more 

accessible, raw accelerometry may ease the facilitation of cross-cohort and cross-brand 

comparisons (Rowlands et al., 2015) and help to streamline data analyses. Furthermore, using 

raw data enhances the autonomy that researchers have over their analyses via more direct 

involvement in signal processing decisions, namely filtering and composite measure selection. 

Accelerometer brands such as Actigraph, have given researchers the option to export data that 

are not count based, however it is imperative for researchers to understand that while these data 

are commonly referred to as ‘raw’ in their user manuals and in published literature, the Actigraph 

‘raw’ data have undergone some initial processing. Research groups have then used a variety of 

signal processing approaches such as frequency-based filtering techniques and calculation of the 

Euclidean norm minus one (ENMO) to address their specific research questions, however, the 

impact that these techniques have on the signal composition was unclear, and furthermore the 

magnitude of differences between these techniques had not been quantified until now.   

 When compared historically, it is obvious that over the course of recent decades there has 

been a striking shift to an increasingly more sedentary lifestyle (Owen et al., 2010).  This is not 

limited to adults but has also manifested in as young as preschool aged children (Wiseman et al., 

2019); the ramification of this is a decline in overall health, which is ultimately reflected by the 

increased global rates of childhood obesity (WHO, 2020, https://www.who.int/news-room/fact-

sheets/detail/obesity-and-overweight). The majority of past research and public messaging has 

placed a large emphasis on the importance of high intensity movement behaviour, such as lack of 

MVPA, however recently the associations between sedentary behaviour and health outcomes are 

being explored (Carson et al., 2016). The Sedentary Behaviour Research Network has defined 

sedentary behaviour as any waking behaviour characterized by low energy expenditure that takes 

https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
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place while seated, lying or reclined (Tremblay et al., 2017). Various activities satisfy this 

definition and can be sub-divided into screen-based sedentary activities, such as video games, 

TV viewing and computer use, and non-screen based sedentary activities like reading or doing 

homework (Carson et al., 2016). These activities have been shown to have widely different 

effects on health with respect to emotional, social and physical development, as well as academic 

achievement (Carson et al., 2016). In the context of accelerometry analyses, these behaviours in 

young children are all reflected by movements of relatively low amplitudes (Crotti et al., 2020; 

Hurter et al., 2018). The ability to quantify time spent in these behaviours using objective tools, 

such as accelerometers, would facilitate a better overall understanding of the frequency, duration 

and nature of these sedentary activities. Other researchers have studied sedentary behaviours in 

older children and reported that the magnitude of separation between these different activities is 

very small (Hurter et al., 2018). It remains unclear whether accelerometers, in free-living 

situations and even in a controlled environment, are able to consistently differentiate low 

amplitudes that would be required for detailed movement analyses. Additionally, the effect of 

different device setting parameters still needs to be clarified.  

 The overall objective of this thesis was to describe the effects that different signal 

processing techniques have on the signal composition of raw Actigraph accelerometer data and 

elucidate the ability of different Actigraph accelerometer models to measure low amplitudes. To 

address this objective, two separate studies were performed; additional datasets were collected 

and presented in two bridging chapters to facilitate the exploration of links between the two 

larger study ideas. Using a large cohort of Canadian preschool children (n=137), Study 1 

(Chapter 4) investigated and compared the signal composition of the data when it was analyzed 

using the ENMO, the vector magnitude (VM) bandpass filter and VM lowpass filter signal 

processing techniques. The associated assumptions for these techniques are very different though 

all three have previously been employed in other studies (Skotte et al, 2014; Brandes et al., 2012; 

Crotti et al., 2020). Bridging Chapter 1 (Chapter 5) built upon the findings of Study 1 by 

investigating how these processing approaches directly impact the amplitude captured by two 

Actigraph accelerometers, the GT9X and wGT3X-BT devices, for different activities (with a 

greater emphasis being placed on sedentary behaviours) among a small sample of four young 

(n=4) female children. Bridging Chapter 2 (Chapter 6) was a validation study, performed using 

a 6 degree of freedom robot, that investigated the interaction of different setting parameters, the 
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idle sleep mode (ISM) and inertial measurement unit (IMU), both of which GT9X Actigraph 

users must specify upon device initialization. Lastly, Study 2 (Chapter 7) assessed the ability of 

different Actigraph accelerometer models to differentiate low frequency movements in a 

laboratory setting and further clarify the effect of the ISM setting. To this end, a 6 degree of 

freedom robot was used to apply controlled perturbations with amplitudes similar to 

accelerations commonly produced by preschool aged children during sedentary behaviours. 

 

8.1.1 The chosen signal processing technique has a significant impact on the overall signal 

composition of preschool children 

 

  It was originally hypothesized in Study 1 (Chapter 4), that the raw acceleration signal 

composition of preschool aged children would be significantly impacted by the chosen analytical 

technique, specifically, that the range of accelerations derived using the ENMO technique would 

be the lowest and the range would be the greatest when derived using the VM lowpass technique. 

Moreover, it was expected that the largest variation in the ranges would be observed between 

these two techniques and the smallest variation would be reported between the VM bandpass and 

ENMO methods. Excluding the maximum acceleration outputs (probability=1.0), the findings 

from this study were able to confirm our initial hypotheses.  The results from the repeated 

measures ANOVA indicated that the outputs derived according to the ENMO method were the 

lowest followed by the VM bandpass and greatest according to the VM lowpass; additionally, 

the smallest variation was found between the ENMO and VM bandpass techniques and the 

largest between the ENMO and VM lowpass. Given the assumptions and the nature of these 

different processing techniques these findings are not surprising. The VM bandpass and the 

ENMO signal processing methods both attempt to remove the effect of gravity on recorded 

accelerations using different approaches. The VM bandpass removes gravity based on the 

assumption that the frequency component is within a certain frequency band, whereas the ENMO 

technique is focused on the amplitude of the signal and aims to remove gravity by subtracting it 

(1 g) from the acquired data. In contrast, the VM lowpass technique does not function in the 

same way and therefore does not remove the effect of gravity from the processed data. It was 

observed in Study 1 that for the maximum outputs (probability value of 1.0), the ENMO method 

was actually found to have the highest output, followed by the VM lowpass and VM bandpass. 
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Similarly, these findings are understandable taking into account that both the frequency-based 

filtering approaches remove high frequency noise, whereas the ENMO approach does not. 

The overall implications of this study indicate that although each of these signal 

processing methods were performed on the same raw dataset, the application of different 

processing techniques significantly alters the signal content and therefore the interpretation of 

acquired accelerometer data. As such, Researchers should be mindful when comparing their 

results with studies that have used different signal processing approaches and suggests that it 

may not be appropriate for researchers to apply movement thresholds developed using other 

techniques. Based on the findings obtained from both Study 1 (Chapter 4) and Bridging Chapter 

1 (Chapter 5) our recommendation for researchers would be to implement the VM bandpass 

technique. Unlike the VM lowpass technique, the VM bandpass technique removes the bias 

resulting from acceleration due to gravity and is not as sensitive to calibration error as the 

ENMO technique. 

 

8.1.2 The VM bandpass processing technique appears to be the most consistent for establishing 

sedentary activity thresholds  

 

 Similar to the hypothesis stated in Study 1 (Chapter 4), it was expected that the 

amplitudes corresponding to the prescribed activities in Bridging Chapter 1 (Chapter 5) would 

be significantly different according to the ENMO, VM bandpass and VM lowpass techniques. In 

particular we predicted that across the four case study participants, various activities and 

accelerometer models, the amplitudes would be the lowest when the data were analyzed using 

the ENMO technique and greatest when analyzed using the VM lowpass technique. Additionally, 

it was expected that the greatest variation in amplitudes would be found between the VM 

lowpass and ENMO technique and smallest between the VM bandpass and ENMO data. For the 

most part, we were able to confirm these initial hypotheses with the ENMO technique yielding 

the lowest values and the VM lowpass technique yielding the greatest. However, in some cases 

we observed that the ENMO output was greater than the VM bandpass; upon closer observation 

of the data, we attributed this to calibration error affecting the bias offset. Unlike the VM 

bandpass technique, which is not as sensitive to calibration error due to its high pass filtering 

component, differences in the calibrated state of the Actigraph monitors led to increased 
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variability with respect to the amplitudes of the different activities amongst the children for the 

ENMO and VM lowpass data. For this reason, it appeared to only be feasible to establish 

amplitude bands for screen-based and non-screen-based sedentary behaviours using the VM 

bandpass technique.  

 As previously mentioned, being able to differentiate forms of sedentary behaviour would 

be valuable in improving our understanding of the relationship between the movement 

behaviours and health outcomes and results from this study suggest that the VM bandpass 

technique may be the most promising approach to achieve this outcome.  

 

8.1.3 Concurrently enabling the Idle Sleep Mode Setting parameter and the Inertial 

Measurement Unit will automatically disable the Idle Sleep Mode 

 

 In addition to studying the effect that different signal processing techniques have on the 

acceleration amplitude corresponding to different activities performed by preschoolers, Bridging 

Chapter 1 (Chapter 5) compared the outputs obtained by the GT9X and wGT3X-BT. Due to the 

fact that the raw data of both these devices are subject to the identical initial processing, it was 

hypothesized that the amplitudes would very similar, however obtained results indicate that on 

average, the output of the GT9X was greater in magnitude. Upon visual inspection of the data, it 

appeared that the ISM was active in the wGT3X-BT and inactive in the GT9X, despite being 

enabled in both devices. In addition to their different external housing, the only other addition for 

the GT9X device is the inclusion of an IMU. It was initially assumed that activation of the IMU 

would be completely independent from activation of the ISM, therefore the underlying cause of 

discrepancies between the wGT3X-BT and GT9X devices was unclear. To clarify and explore a 

possible interaction of these two setting parameters, we conducted a validation study of the 

GT9X monitors using a 6 degree of freedom robot in Bridging Chapter 2 (Chapter 6). It was 

initially hypothesized that these two settings would act independently from one another, meaning 

that whether the IMU was enabled or not, the ISM setting would be active; this assumption was 

based on how these two settings are represented in the software manual and software interface. 

In contrast to what was initially hypothesized, our results show that by enabling the IMU, the 

ISM in the primary GT9X is automatically disabled, which we were able to confirm with 

Actigraph representatives. 
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It is important for researchers to consider how the selection of different setting 

parameters may affect the data that are ultimately being captured by these devices. Without 

performing this testing, we would not have been made aware of these results as this interaction is 

unintuitive, and no warning or caution is given to the user when specifying these settings upon 

device initialization.  

 

8.1.4 Actigraph accelerometers are capable of differentiating low frequency oscillations 

consistently when compared across different models, however enabling the ISM greatly 

impacts these results  

 

 The results of Study 2 (Chapter 7), Part 1, were able to confirm our initial hypothesis 

that all of the Actigraph models would be able to consistently differentiate the low frequency 

oscillations (0.5-2.0 Hz) introduced by the 6 degree of freedom robot and that the raw output of 

the wGT3X-BT and primary GT9X would be statistically equivalent. This hypothesis was based 

upon the fact that these two models undergo identical initial processing. In addition to this, it was 

expected that the output captured by the secondary GT9X and the high-grade accelerometers, 

would be significantly different from the aforementioned Actigraph models, which our findings 

were able to confirm. The initial signal processing applied to the secondary GT9X data is 

different compared to what is applied to other the Actigraph models; this would explain the 

differences in the reported acceleration output; however, these differences were in fact quite 

small, and therefore bring into question whether they are ‘functionally meaningful’ differences. 

Additionally, the high-grade accelerometers were found to report significantly lower amplitudes 

compared to all of the Actigraph monitors for the frequencies tested in Part 1. The findings from 

Study 2 (Chapter 7) indicate that the Actigraph accelerometers are capable of consistently 

differentiating low frequency oscillations, similar to the higher-grade devices, however, 

Actigraph devices report significantly different amplitudes when compared to the more 

expensive accelerometer devices. This leads us to conclude that if movement thresholds for 

sedentary behaviours are created in the future, they should be applied only to data obtained using 

similar accelerometer devices. However, it was found that in Part 2, where a wider range of 

frequencies were tested, the output of the wGT3X-BT and GT9X primary monitors were not 
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significantly different from the high-grade monitors during the higher frequency trials (3.0-4.0 

Hz), which in fact reflected amplitudes synonymous with moderate to vigorous physical activity.  

Part 2 of this study further explored the effects of enabling the ISM on these 

measurements. Based on the Actigraph user manual and device specification communications, 

we had hypothesized that the frequency trials from Part 1 that evoked maximum acceleration 

amplitudes that surpass the ±40 mg threshold band, would result in the devices ‘waking up’. 

However, we found that some of our devices required amplitudes greater than 40 mg; of concern 

this observation was inconsistent across the different devices with some devices re-entering ISM 

at the higher frequencies that were well above the 40 mg threshold; for example, during the 4 Hz 

testing on the Y axis, the average maximum output across all of the devices was 162.65 (±3.16) 

mg, 5 out of the 7 GT9X accelerometer re-entered ISM.  

The findings from Study 2 (Chapter 7) demonstrate that when the ISM is disabled, 

Actigraph accelerometers, currently in circulation around the globe, are capable of consistently 

differentiating, low frequency oscillations that evoke acceleration amplitudes similar to what 

would be experienced during the sedentary behaviours of children and support the cross-

generational comparability of these Actigraph models. Our findings further indicate that for low 

frequency oscillations, resulting in amplitudes similar to what children would experience during 

sedentary behaviours, Actigraph models report significantly higher accelerations compared to 

their higher-grade counterparts. Whereas for the frequency trials evoking amplitudes similar to 

higher intensity movement behaviours, the Actigraph monitors performed similarly to the high-

grade monitors. Additionally, we found that amplitudes greater than 40 mg were required for the 

Actigraph devices to exit ‘sleep’ mode. This finding is important for researchers to be aware of 

as the ISM’s effect on data validity has yet to be officially determined; by enabling this setting 

researchers may be losing vital information pertaining to low frequency and amplitude 

behaviours.  

 

8.2 General Limitations and Future Directions 

 

 Despite the important and novel findings of this thesis, there are limitations that need to 

be addressed.  Although free-living studies are advantageous as they report acceleration data that 

reflect the everyday movement behaviours of participants as they move about in the real-world, 
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there are obvious limitations. This pertains to both Study 1 (Chapter 4) and Bridging Chapter 1 

(Chapter 5) where we, the research team, were not present for data collection; we are therefore 

unable to confirm compliance to the study protocol firsthand and must instead rely on parental 

reports. Another limitation concerning these two studies is that no calibration correction was 

applied to the data. As previously mentioned, the ENMO technique assumes that the 

accelerometers are perfectly calibrated and therefore particularly sensitive to calibration error. 

Other research groups have created algorithms that use previously collected data to auto-calibrate 

the devices that are available for other researchers to implement (GGIR; https://cran.r-

project.org/web/packages/GGIR/vignettes/GGIR.html#non-wear-detection), thereby reducing the 

calibration error afflicting the X, Y and Z axes (van Hees et al., 2014). This algorithm was not 

applied to the current data, thus, to further clarify how the different signal processing techniques 

vary under improved calibration, more research is needed to compare the effect of 

autocalibration algorithm on the range of acceleration signal amplitudes. 

 The controlled laboratory aspect of Study 2 (Chapter 7) and Bridging Chapter 2 

(Chapter 6) were critical to establish the fidelity of the different accelerometer devices, 

processing approaches and cross-generational comparability, however, it cannot be known for 

certain whether these findings will directly translate to free-living study protocols. More work is 

needed to be conducted in free-living situations that combine accelerometry with a criterion 

measure, such as direct observation via calorimetry and/or kinematic cameras (experimental 

approaches used by our research colleagues) to further confirm these results. Once established, 

this work can be further expanded into a larger population cohort and movement thresholds can 

be developed to separate screen-time based sedentary activities and non-screen time based 

sedentary activities.  

 As stated in Study 2 (Chapter 7), our findings led us to believe that the functionality of 

the ISM is inconsistent. Through consultation with Actigraph representatives, a possible 

explanation for this may be attributed to our experimental set up. Technical experts from 

Actigraph postulated that perhaps a certain degree of noise was being introduced into the signal, 

resulting the monitors not being able to clearly differentiate 40 mg fluctuations, which in turn 

resulted in the devices not ‘waking up’ due to the internal ISM settings. They further suggested 

that this noise could perhaps be attributed to how the monitors were mounted, however we were 

unable to confirm this hypothesis, and our recommendation is for the manufacturers to further 
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review this as we were additionally made aware of the fact that the ISM is not tested for quality 

control during manufacturing. Future studies should explore this further and also examine how 

the ISM behaves in free-living scenarios.  
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9. Appendices  

9.1 Representative image of data from Bridging Study 2 (Chapter 6) 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9.1: All images represent testing that took place during the X-axis sensing testing block 

of Bridging Study 2 (Chapter 6). Depicted in each figure is the static trial that took place prior to 

performing any testing, followed by three 1-minute trials, with 15 seconds of no movement in 

between trials collected at frequencies: 0.5, 0.75, 1.0, 1.25, 1.5 and 2.0 Hz (indicated by the red 

lines). Note that one of the 1-minute trials that took place for the 1.5 Hz testing occurred 

following the first 2.0 Hz trial for Setting 2. This figure depicts how the data captured by Setting 

Parameter 1 and 2 (Figure A and B) is consistently differentiated across the tested frequencies 

with respect to the minimum and maximums. In contrast the device for Setting Parameter 3 

remained in ISM for the entirety of the testing block (Figure C).  
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9.2 Representative image of data from Study 2 (Chapter 7) low frequency testing, Part 

1. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9.2: All images represent testing that took place during the X-axis sensing testing block 

of Part 1, Study 2 (Chapter 7). Depicted in each figure is the static trial that took place prior to 

performing any testing, followed by three 1-minute trials, with 15 seconds of no movement in 

between trials collected at frequencies: 0.5, 0.75, 1.0, 1.25, 1.5 and 2.0 Hz (indicated by the red 

lines). Note that one of the 1-minute trials that took place for the 1.5 Hz testing occurred 

following the first 2.0 Hz trial. This figure depicts how the data captured by the high-grade 

monitor (Figure A) were very repeatable with clearly consistent maximum and minimums. In 

contrast the frequency trials appear to be differentiated consistently across the different 

Actigraph models (Figure B, C, D), however, in unlike the high-grade monitor, the signals 

appear to be much noisier.  
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9.3 High-grade accelerometer specifications  
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