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Abstract 

Background 

Literature related to objective measurement of habitual physical activity (PA) 

disproportionately over represents children with Cerebral Palsy (CP) who are ambulant. 

Consequently, it is unknown if methods used to examine PA, such as machine learning 

models built on accelerometer data, are able to accurately detect PA in children with CP who 

use mobility aids for ambulation. 

Objective 

To develop and test machine learning models used for the automatic detection and 

classification of PA type in children with CP who use mobility aids for ambulation. 

Methods 

Eleven children and adolescents with CP, age 11±3yrs (range 6-16yrs); six females; Gross 

Motor Function Classification System (GMFCS) III: n=5 and IV: n=6 participated. 

Participants completed six PA trials of increasing intensity while wearing an ActiGraph 

GT3X+ accelerometer on the wrist, hip and thigh. PA trials included: supine rest, seated 

colouring, seated ball throwing, overground walking with a mobility aid, wheelchair 

propulsion and riding on a modified tricycle. Decision Tree (DT), Support Vector Machine 

(SVM) and Random Forest (RF) classifiers were trained on 40 features in the vector 

magnitude of raw acceleration signal using 5s non-overlapping windows. Performance was 

evaluated using leave-one-subject-out cross validation. Comparisons of performance were 

subsequently made between all single placement models, all combinations of two placement 

models, and models trained on data from all three placements. 

Results  



3 

 

The best performing single-placement model was a RF classifier trained on wrist features, 

yielding an overall prediction accuracy of 79%. The best performing model built on a 

combination of two placements was a RF classifier trained on wrist and hip features, yielding 

an overall prediction accuracy of 92%. The combinations of multiple accelerometer 

placements were significantly more accurate than a single monitor alone. Models based on 

the combination of two placements were more accurate than those based on a combination of 

three placements; however, this difference was not significant. 

Limitations 

The PA protocol consisted of structured activity trials performed in a controlled, clinical 

environment. Thus, the performance of the models under free living conditions require 

further investigation. The sample size used may limit the generalisability and robustness of 

the findings given the variability in movement patterns of the population of interest. 

Conclusions 

Machine learning techniques afford robust and accurate classification of PA in children with 

CP who use mobility aids for ambulation (GMFCS III & IV) within a laboratory setting. This 

is significant, as it is the first study to develop methods for objectively measuring habitual PA 

in this population. Future research should investigate performance of the methods utilised in 

the current project in children engaged in free living conditions. 
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1.0 General Introduction  

1.1 Title 

Machine learning algorithms for the automatic detection and classification of physical 

activity in children with cerebral palsy who use mobility aids for ambulation 

1.2 Lay Title 

Can activity monitors and statistical learning models provide accurate information about the 

physical activity habits of children with cerebral palsy who use walkers and wheelchairs? 

1.3 Lay Description 

Children with cerebral palsy (CP) often engage in low levels of physical activity (PA) which 

can adversely affect their function and health. In response, health professionals often develop 

therapeutic interventions with the overarching aim of facilitating an increase in PA by 

improving a child’s activity capacity. Determining the most appropriate starting point for 

therapeutic interventions, and whether they are indeed having a positive effect on a child’s 

physical capacity, is in part achieved by accurately measuring habitual PA levels. To date, 

activity monitors have been used successfully to measure activity habits of typically 

developing (TD) children as well as children with less severe forms of CP. However, there is 

limited information on how these devices perform when used to monitor children with more 

severe CP. These children exhibit highly variable patterns of movement and tend to use 

walkers and wheelchairs to help them move about, providing a significant challenge for 

activity monitors to detect such movement. Consequently, this study aims to establish how 

effective activity monitors, and subsequent statistical learning models are at providing 

information about the activity habits of children affected by severe CP. A secondary aim is to 

establish the best anatomical location to place these activity monitors to maximise accuracy 
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when capturing the highly variable movements of these children, whilst accommodating the 

use of a mobility aid. 

1.4 Aims and Objectives 

1.4.1 Aims 

The purpose of this study was to develop and test machine learning models to predict 

physical activity type in children and adolescents with CP who use a mobility aid for 

ambulation.  

1.4.2 Objectives 

The specific objectives were as follows: 

• To determine if machine learning algorithms can be trained on raw accelerometry data 

to predict types of PA undertaken by children with CP who use a mobility aid for 

ambulation (GMFCS III and IV). 

• To determine if additional accelerometers improve classification accuracy when using 

machine learning algorithms trained on features in the accelerometer data to 

objectively measure PA in children with CP who use a mobility aid for ambulation 

(GMFCS III and IV). 

1.4.3 Hypotheses 

Objective 1 

Null: Machine learning algorithms trained on features in the accelerometer data will 

not provide accurate predictions of PA type in children with CP who use a mobility aid for 

ambulation (GMFCS III and IV). 
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Alternate: Machine learning algorithms trained on features in the accelerometer data 

will provide accurate predictions of PA type in children with CP who use a mobility aid for 

ambulation (GMFCS III and IV). 

Objective 2 

Null: Additional accelerometer placements will not improve classification accuracy 

when using machine learning algorithms trained on features in the accelerometer data to 

detect different types of PA in children with CP who use a mobility aid for ambulation 

(GMFCS III and IV). 

Alternate: Additional accelerometer placements will improve classification accuracy 

when using machine learning algorithms trained on features in the accelerometer data to 

detect different types of PA in children with CP who use a mobility aid for ambulation 

(GMFCS III and IV). 

1.5 Significance of Study 

CP is the most common presentation of childhood disability, with its hallmark trait being 

motor dysfunction (1). Consequently, children with CP tend to engage in less PA than their 

typically developing peers, which can have negative effects on their general health and 

function (2, 3). Therapeutic interventions for children with CP aim to bridge this gap, using 

habitual PA to target functional improvement and maintenance of independence (4). Being 

able to monitor adherence to such interventions allows therapists to determine treatment 

efficacy as well as justification for treatment progressions. Hence, the determination of a 

valid and reliable means of objectively measuring PA in children with moderate to severe CP 

is an important step in improving clinical outcomes.  
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Within the field of activity monitoring, the use of accelerometers is the most frequently 

utilised method for recording PA, being first validated for use in TD youth (5-7). Very few 

studies have assessed the use of accelerometry in children with significant functional 

limitations; that is children classified on the GMFCS as level III or IV. Given the vastly 

different functional abilities between children on the lower and higher end of the GMFCS, 

validation findings from children with minimal to moderate impairment may not be 

generalisable to other groups. Children with significant functional limitations typically rely 

on mobility aids such as walkers and wheelchairs for ambulation, resulting in altered 

biomechanics and a higher energy cost of mobilisation (8).  

In this study, the recognised limitations of previous investigations will be attempted to be 

addressed by developing and testing machine learning algorithms for the automatic detection 

and classification of PA in children with CP who use a mobility aid for ambulation. Previous 

validation work in TD youth and ambulant youth with CP has typically utilised a single 

activity monitor placed on the hip to gain information about the child’s habitual PA. A single 

monitor placed on a child who requires a wheelchair for ambulation may yield 

misrepresentative or inaccurate data. Methods of processing acceleration data for activity 

recognition have also evolved. Recent work suggests that intensity-based thresholds (known 

as cut-points), which were previously used to categorise processed accelerometer output, 

yields significant misclassification error when studying children and adolescents with CP (9). 

Methods employing pattern recognition, such as a machine learning approach, can potentially 

improve the accuracy of accelerometer based objective measurement of PA.   
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2.0 Literature Review 

2.1 Cerebral Palsy and Physical Activity 

Cerebral Palsy is a term that describes a group of disorders in which a non-progressive 

disturbance to the developing foetal, or infant, nervous system affects the development of 

movement and posture (10). The Gross Motor Function Classification System is one way in 

which the severity of CP is graded. There are five levels within the GMFCS, which describe 

the functional abilities of a child (Figure 1). A child with mild CP, who is minimally impaired 

functionally is graded GMFCS level I. At the other end of the scale, a child with severe CP 

who exhibits little to no functional independence is graded GMFCS level V.  

 

 

 Figure 1. Gross Motor Function Classification System (GMFCS) (11). 

Cerebral palsy can also be described by the distribution of affected limbs and the motor 

affects observed. Broadly, the distribution is termed either unilateral or bilateral CP (12). 

Hemiplegic CP is an example of a unilateral presentation, and describes when the upper and 

lower limbs of one side of the body are more affected than the other. Bilateral CP can present 
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as quadriplegia (in which all four limbs are effected) or diplegia (in which the lower limbs are 

most effected). Motor descriptions include Spastic CP (aberrant development of the motor 

cortex), Dyskinetic CP (aberrant development of the basal ganglia), Ataxic CP (aberrant 

development of the cerebellum) or a mixed type which describes a combination of the 

different motor types (13). 

Compared to TD children, children with CP spend more time in sedentary positions and less 

time engaging in habitual PA (2). Inefficient movement results in a larger energy expenditure 

for a given task, therefore making PA harder for children with CP compared to TD children. 

This relationship holds true for children with CP across the spectrum of GMFCS levels. For 

example, a child who is classified as GMFCS level IV may demonstrate more difficulties 

with PA than a child who is as classified as GMFCS level I. This is also reflected in 

participation levels, where in general PA participation decreases as GMFCS level increases 

(14). Children who are more functionally limited (i.e. GMFCS III-V) have also been reported 

to be at risk of experiencing a clinically significant functional decline with age, with GMFCS 

IV children exhibiting the greatest risk of decline (3). Cerebral Palsy specific guidelines 

around PA recommend that children and adolescents should engage in 60 minutes of 

moderate to vigorous physical activity (MVPA) per day, whilst limiting sedentary behaviours 

to a daily maximum of 2 hours (15). Children with CP in general exceed the recommended 

amount of sedentary time, concomitantly failing to achieve the recommended time for PA 

engagement (2). In a study which assessed the MVPA habits of independently ambulant 

children with CP (GMFCS I and II) only 25% of participants met the recommendation of 60 

minutes per day (16).  

Physical inactivity starts at a young age for children with CP, often escalating as they age 

(17). The consequences of inactivity are varied and wide reaching and may include an 

increased predisposition to lifestyle related conditions such as obesity and cardiovascular 
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dysfunction (14). Inadequate exposure to mechanical stimuli may also affect the development 

of the juvenile musculoskeletal system (17). Physical activity equates to mechanical loading, 

which is critical to the growth of musculoskeletal structures. It is therefore crucial to the 

development of a child that PA engagement is emphasised and encouraged at an early stage, 

and importantly maintained throughout the later developmental stages of childhood. If this 

can be achieved, a significant reduction in the incidence of chronic conditions in adulthood 

and therefore cost to the health system may result. To be successful, the approach should also 

be circular, in that an emphasis is placed on increasing PA as well as reducing sedentary time. 

Verifying the efficacy of interventions aimed at increasing PA in children with CP is an 

important step for both clinicians and researchers. If specific interventions can indeed be 

shown to result in measurable improvements in PA, then their widespread adoption is 

warranted. Historically, researchers have attempted to measure PA using a variety of 

methods. Initially, self-reported measures such as PA diaries were utilised due to the ease of 

implementation; however these are subject to limitations such as recall bias and social 

desirability (18). Objective measures of PA eliminate dependence on the patient for 

information. Rather, technology is used to gain real time surrogate measures of PA; such as 

physiological and mechanical output. Physiological markers such as cardiorespiratory fitness 

and power output have also been used to generate estimates of PA volume and intensity. 

More recently, the use of accelerometers has become the mainstay of objectively monitoring 

PA in a wide range of populations. 

2.2 Accelerometers as an Objective Measure of Physical Activity 

Currently, accelerometers are widely accepted as the best method of objectively measuring 

PA in children across both TD and CP populations (19). Accelerometers are capable of 

measuring PA intensity and type; both of which are used to describe habitual PA levels. 
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Accelerometers were first validated as a tool to objectively measure PA in TD adolescents (5-

7). Given the diversity in movement patterns and habits exhibited by children with CP, 

validation amongst TD youth may not be generalisable to youth with CP. This is particularly 

true when using a cut-point method of analysis to determine the intensity at which the child is 

working. Physiological and biomechanical differences mean that, compared to TD youth, 

youth with CP are more prone to fatigue and work harder for a given task (20). The variances 

in mechanical efficiency and elevated metabolic cost of locomotion in youth with CP 

mandates that methods of objectively measuring PA be specifically developed for the CP 

population (21). Furthermore, there is evidence to support the need for GMFCS specific 

thresholds to improve accuracy of PA measurement in a CP population (9). 

Several studies have explored the validity of accelerometers in measuring activity intensity as 

an indication of habitual PA levels in youth with CP. Initially investigations were centred on 

walking trials, where participants walked at various speeds and intensities. Accelerometer 

data were then examined to determine if intensities were identifiable based on thresholds of 

activity counts. One investigation concluded that the ActiGraph accelerometer was able to 

provide a valid measure of PA intensity during walking trials, and was therefore a useful 

method for measuring PA in ambulatory children with CP (22). Another study which also 

utilised ActiGraph accelerometers, performed assessments during walking and stepping trials, 

and made similar conclusions about the device’s validity in detecting different intensities of 

PA  (23). Several limitations do exist when collecting accelerometer data during walking 

trials; firstly, walking trials have typically only included independently ambulant children 

with CP. In the study by Mitchel et al. (23) all participants were either GMFCS I and II (i.e. 

independently ambulant without the use of a mobility aid), and the study by Clanchy et al. 

(22) featured only three participants classified as GMFCS level III (10% of participants 

involved). This limits the generalisability to children classified as GMFCS level III and IV. A 
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second limitation is that children engage in different forms of PA other than just walking. To 

address this, an investigation was conducted using a combination of structured exercise and 

free play to test the ability of accelerometers to measure PA more representative of what 

children typically engage in (24). Similar to previous investigations however, Capio et al. 

(24) only included children who were able to walk independently. From their results, they 

concluded that accelerometers could provide a valid measure of PA volume in both structured 

and free play activities, although estimates of intensity were deemed inaccurate. 

Further attempts to address the limitations of previous research aimed to extend the scope of 

accelerometers beyond walking trials by using a “physical activity protocol” including nine 

tasks (25). Tasks selected were deemed representative of typical behaviour of children with 

CP. Participants were included if they were classified as GMFCS levels I –III and were 

ambulatory. It was concluded that accelerometers could provide a valid measure of PA 

intensity. Other comparisons were made including an examination of the performance of 

three accelerometers, of which the ActiGraph accelerometer was deemed superior due to its 

higher validity and reliability coefficients.  

O’Neil et al. (25) also investigated the inter-instrument reliability of each accelerometer by 

placing one of each on both the left and right sides of the participant. Results demonstrated 

good inter-instrument reliability for all three accelerometers when measuring a variety of 

real-world physical activities, even in the context of a study sample including 49% of 

participants with hemiplegic CP. Accordingly, it was concluded that investigations of 

habitual PA in youth with CP should follow the standard protocol used during investigations 

of TD youth and that accelerometers be worn on the right side (7). It should be noted that 

these conclusions are drawn using data from ambulant children with CP, and therefore once 

again may not be generalisable to a more severely limited population (i.e. GMFCS level III 

and IV). This is likely to have implications particularly when investigating unilateral tasks, 
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such as colouring or throwing a ball. If a hemiplegic participant maintains the ability to 

perform such a task on their least affected side then data collection would be improved by 

positioning the device on this side. 

Few studies include children who are more severely affected by CP, and when these children 

are included they typically represent a small percentage of the total study population. As an 

exception to this, a feasibility study was conducted to explore PA  measurement of 23 

children with CP, of which four were classified as GMFCS level IV, five level III, five level 

II, and nine level I (26). Results indicated that the ActiGraph accelerometer could provide 

meaningful measures of PA across the entirety of this group. However, the authors conceded 

that there were methodological limitations to measuring PA with a single monitor (attached 

to the hip) in those children with more severe CP. 

Children classified GMFCS levels III – V depend on some form of mobility aid for the 

majority if not all of their locomotive activities, and thus measuring PA presents 

methodological challenges. For example, some children with CP will use a wheelchair as 

their primary means of ambulation, though maintain the ability to ambulate short distances 

with or without a walking frame. Monitors should be robust enough to detect both seated and 

standing activity, as well as upper-limb activity during wheelchair propulsion or seated 

activities. If this can be achieved, the use of accelerometers across all GMFCS levels is likely 

a feasible method for monitoring PA. The use of multiple accelerometers is an emerging 

approach to capturing both upper and lower limb tasks. Recent evidence suggests that the use 

of two accelerometers can provide more accurate detection and recognition when compared 

to the use of a single accelerometer in TD children and adults (27, 28). Although 

interestingly, the addition of a third accelerometer gains no further improvement of task 

detection and classification. 
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2.3 Extraction and Analysis of Accelerometer Data 

Data recorded and output from accelerometers generally includes accelerations (metres per 

second2) in the forward-backward, left-right, and up-down directions. This is often described 

relative to gravity and termed G-Force (G’s). Tri-axial accelerometers are also able to output 

orientation data (i.e. pitch, yaw, and roll of the unit) based on the magnitude of the G’s 

recorded in each orthogonal plane. Acceleration signal in G’s can be considered raw data, 

while metrics such as activity counts are calculated using proprietary algorithms developed 

by the companies that manufacture the accelerometers. The lack of comparability across 

different makes and models of accelerometers and the failure to leverage the rich information 

within the acceleration signal data is a limitation in using the processed data. This can be 

overcome however, if researchers utilise raw accelerometer data. 

2.3.1 Cut-point Analysis 

PA recommendations usually come in the form of intensity, frequency and duration. 

Determining this from accelerometry data has historically been achieved by researchers 

identifying ‘cut-points’, which define thresholds of processed accelerometer data (e.g. 

activity counts) that correspond to sedentary, light, moderate and vigorous intensity PA. 

These cut-point thresholds are identified by measuring energy expenditure (typically via 

indirect calorimetry) and accelerometer data concurrently whilst participants complete 

standardised activity trials. Regression-based predictions and receiver operating characteristic 

curve analyses are then used to provide an estimate of how much time has been spent at each 

intensity. Initially, these regression algorithms were developed and established using activity 

counts collected from a TD population (29-33). However, motor impairments and decreased 

biomechanical efficiency of children with CP pose significant methodological challenges. For 

example, if a child mobilised with a walking frame, this would require greater energy 
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expenditure, which is unlikely to be reflected in the activity counts. Therefore regression-

based predictions to detect PA type and intensity in TD children are not translatable to CP 

populations, and prediction equations must be developed specifically for children with CP 

(20).  

A number of studies have derived CP-specific cut-points for categorising activity counts into 

intensities of PA (9, 22, 34-36). Whilst the use of cut-points has enabled clinicians and 

researchers to gain insight into the PA habits of children and adolescents with CP, this 

methodology has its limitations. Published data demonstrates considerable variation in 

intensities between different authors and research groups (18). The use of existing cut-points 

for the CP population are associated with significant misclassification error, particularly 

when studying more severely affected participants (i.e. GMFCS level III and IV) (9). As a 

result of misclassified activity intensity, habitual PA levels in these children and adolescents 

with CP may be drastically underestimated. This misrepresentation of PA behaviours acts as 

a barrier to informed exercise prescription, potentially reducing the efficacy of such 

interventions. Consequently, there is a clear need to investigate alternative methods of data 

processing that have the potential to yield more accurate assessments of PA habits of severely 

affected youth with CP. 

 2.3.2 Machine Learning Algorithms  

Pattern recognition, or machine learning, is an emerging data processing approach to 

accelerometery data (37), and has the potential to improve classification accuracy in habitual 

PA assessments. Unlike the cut-point method that makes estimates of activity intensity, 

machine learning techniques can be used for classification of PA type as well as perform 

regression tasks, allowing for direct prediction of energy expenditure. This methodology 
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involves entering pre-processed data into learning algorithms, which use patterns within the 

data to make predictions about PA type.  

Data pre-processing typically includes segmenting raw acceleration signals into windows of a 

predetermined duration (e.g. 10 seconds), from which a number of time and frequency 

domain features are extracted. Segmented windows may be overlapping or non-overlapping, 

and the features are variables that are then used as model inputs (38). Some studies extract 

features from the raw signal, which includes accelerations in the x, y and z axes (37). Others 

first transform the acceleration signal from each axis into a single dimension vector 

magnitude (VM), after which features are extracted from the VM (39).  

The complexity of a model is an important consideration. Simple models tend to exhibit more 

bias and lower variance (i.e. under fit to training data), whereas more complex models are 

characterised by low bias and high variance (i.e. over fit to training data). The relationship 

between the complexity of a model and error is demonstrated in Figure 2, emphasising the 

importance of achieving optimal model complexity. Feature selection is a process by which 

the number of features used to train the model can be reduced to only the most pertinent 

features, thus reducing model complexity. The complexity of a model can also be influenced 

by the type of learning algorithm used.  
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Figure 2. Model complexity and bias-variance trade off (38). 

There are a number of well-established machine learning algorithms, which can be described 

as unsupervised, supervised and semi-supervised. Unsupervised learning methods identify 

patterns in input data without the use of labels to supervise the learning algorithm. Supervised 

learning methods are employed to establish relationships between features (independent 

variables) and one or more labels (dependent variables). Accurate predictions from new data 

are afforded by the supervision of labels, which facilitate the model’s learning of its 

parameters (38). Semi-supervised learning methods describe settings in which labels are only 

available for a subset of the data (40). In the present study, four widely used algorithms are 

utilised: Decision Tree (DT), Random Forest (RF), Support Vector Machine (SVM), and 

Logistic Regression (LR). Each of these algorithms is discussed briefly below, however more 

detailed descriptions can be found elsewhere (41-43).  

A DT achieves classification through the use of an iterative subdividing technique. The DT is 

built by determining a feature value that divides the data into subclasses with the greatest 

purity. This process of division perpetuates until each subclass reaches a stop condition e.g. 

class of PA. Complexity of the model depends on the depth of the tree; the more branches 
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and nodes before reaching the terminal leaf node, the greater the model complexity and risk 

of overfitting to training data (42). The DT algorithm produces results that can be translated 

to easily applicable ‘rules’. Trost et al. (9) have previously demonstrated the efficacy of using 

a DT model to classify pre-processed activity counts into intensities of PA in a TD youth 

population.  

Random Forrest is a collection of many decision trees. Each tree is trained on a sample of 

training data, and decisions are made based on the best of a randomly available set of 

features. The accumulated decisions are used for a majority vote that achieves the final model 

prediction. The RF algorithm requires minimal pre-processing and is resistant to overfitting 

of training data. A RF classifier has been used previously in a paediatric setting, using 

features from hip and wrist accelerometer data to achieve accurate predictions of PA type 

(19). Accurate PA type and energy expenditure predictions from hip and wrist accelerometer 

features have also been made in a TD adult population using a RF classifier (43). 

Support Vector Machine performs classification by mapping features in a multidimensional 

space, and identifying boundaries called hyperplanes that amplify the space between 

observations of different activity classes (Figure 3). “Support Vectors” are the observations 

that lie closest to these hyperplanes, thus defining the boundaries between activity classes. 

New observations are then mapped onto the same multidimensional space and assigned to a 

class on the basis of which side of the hyperplane it sits (41). The SVM algorithm is able to 

cope with high dimensional data and is resilient to noise. A SVM model can also classify 

non-linearly separable feature vectors by use of a Kernel function, as illustrated in Figure 3. 

One study, which employed the use of four different algorithms for activity recognition in a 

TD population, achieved higher classification accuracies when using an SVM classifier to 

evaluate the efficacy of different accelerometer placements (28).  
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Figure 3. Support Vector Machine (SVM) schematic illustrating the use of a kernel function 

for defining non-linear boundaries between two groups. 

Logistic regression provides a conditional probability that a given observation belongs to a 

particular class of activity, on the basis of the weight parameter learned from the training 

data. The LR classifier can be extended to response variables with more than two classes. 

Previous use of an LR classifier for activity recognition in a TD population achieved 

acceptable recognition accuracy for both a hip and wrist monitor (37). 

2.3.3 Use of Multi-sensor Data 

In addition to the type of model or algorithm selected, accuracy of PA recognition can be 

improved during the training of models through the addition of accelerometer data collected 

from different anatomical locations (37, 44). Combining acceleration data from different 

locations is a process known as ‘feature fusion’ (45). The model is trained on features from 

multiple sites; allowing, for example, both upper and lower limb monitors to contribute to the 

final prediction. This is advantageous, as it has been previously established that a single 

monitor on the lower limb is effective at detecting locomotive activities but poor at detecting 

tasks with significant arm movements, and vice versa for a monitor on the upper limb (46). 
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Physical activity recognition accuracy can also be improved by decision level fusion (27, 47). 

Growing evidence indicates that there is no one optimal machine learning algorithm for all 

prediction and classification problems (48). Decision fusion uses multiple different 

algorithms, whose predictions are aggregated in the form of a majority vote to achieve a final 

prediction (27). 

2.3.4 Activity Recognition using Machine Learning 

The use of machine learning algorithms for activity recognition was first explored in TD 

populations, where the accuracy of predictions of PA type ranged from 78 to 91% (19, 37, 

49). These studies demonstrated that acceptable overall accuracy can be achieved using a 

single hip or wrist monitor, however accuracy is improved when using a combination of the 

two. Machine learning techniques have also been shown to be a valid method of accurately 

predicting PA type in ambulant children with CP. Ahmadi et al. (39) evaluated the 

performance of three machine learning classifiers (DT, SVM and RF) trained on features 

from hip and wrist accelerometers. Results indicated that algorithms trained on accelerometer 

features from ambulant youth with CP can be used to accurately detect PA type. Furthermore, 

the classification accuracies achieved were comparable to those achieved in TD populations. 

Classification accuracy for algorithms trained on features from the hip and wrist 

accelerometers ranged from 83 to 85%, and 76 to 83% respectively. Combined hip and wrist 

classifiers achieved the greatest classification accuracy, ranging from 86 to 89%.  

Irrespective of data processing methods, previous literature related to objective measurement 

of habitual PA disproportionately over represents youth with CP who are ambulatory. 

Consequently, it is unknown if machine learning models trained on accelerometer data can 

accurately classify PA in children with CP who rely on mobility aids for ambulation. 
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Moreover, it is unknown what the optimal placement location of accelerometers should be, 

and if additional accelerometers improve prediction accuracy within this population. 

In summary, the aim of this study was to determine if machine learning algorithms could be 

trained on raw accelerometry data to predict types of PA undertaken by children with CP who 

use a mobility aid for ambulation (GMFCS III and IV). This study also aimed to determine if 

additional accelerometers improve classification accuracy when using machine learning 

algorithms trained on features in the accelerometer data to objectively measure PA in 

children with CP who use a mobility aid for ambulation (GMFCS III and IV). 
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3.0 Methods 

3.1 Participants 

Eleven children and adolescents with CP who were enrolled in an intervention study (50) at 

the Queensland Children’s Hospital were invited to participate in the study. Informed consent 

was obtained from parents and/or guardians and assent from participants if they were 12 

years or older. Ethical approval was obtained from Griffith University (2018/037) and the 

Children’s Health Queensland Hospital and Health Service Human Research Ethics 

Committee (HREC/17/QRCH/88). 

3.1.2 Inclusion and Exclusion Criteria 

Participants were included if they: (1) had a confirmed diagnosis of CP; (2) were classified as 

GMFCS levels III or IV; (3) were aged 6 to 18 years; (4) used a mobility aid for ambulation; 

(5) had adequate cognition and attention to follow visual and/or verbal instructions. 

Participants were excluded if they had: (1) a recent musculoskeletal injury; (2) orthopaedic 

surgery within 6 months; (3) unstable epilepsy (i.e. frequent seizures not controlled by 

medication); (4) a cardiac condition; (5) uncontrolled asthma. 

3.2 Data Collection 

Participants completed six standardised activity trials while wearing ActiGraph GT3X+ tri-

axial accelerometers (ActiGraph Corporation, Pensacola, FL) placed dorsally on the wrist 

over the capitate bone, on the hip superior to the iliac crest in the mid-axillary line, anteriorly 

on the mid-thigh, and on the lateral malleolus at the ankle. All accelerometers were initialised 

according to manufacturer’s specifications and placed on the participant’s least affected side. 

If the participant did not have a least affected side, then the accelerometers were placed on 

their dominant side (i.e. the side used to colour or throw). Activity trials were completed in a 
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single 60-90-minute session and comprised the following sequence of activities: (1) supine 

rest, (2) colouring, (3) ball throwing and catching, (4) overground walking with a mobility 

aid, (5) wheelchair propulsion, and (6) cycling on a modified tricycle. Descriptions of each 

activity are detailed in Table 1. The walking, wheelchair propulsion, and cycling activity 

trials were conducted on a 30-m hallway, with cones demarcating the turning points. 

Participants were encouraged to complete the activities as they usually would at home or 

school, including the use of their usual mobility aids or assistive devices. Activity trials were 

5 minutes in duration and were selected to simulate repetitive activities, typical of children 

who use walkers and/or wheelchairs. Participants were not required to attempt activity trials 

that were not applicable to them (e.g., a child who ambulated with a walker was not required 

to perform wheelchair propulsion and vice versa). Video footage of all PA trials was 

collected as a reference comparison, particularly in the case of aberrant raw accelerometer 

data. 

Table 1. Physical activity trial descriptions. 

 

Activity Description 

1. Supine rest Participants were instructed to lay down and 

rest, but not to sleep. 

 

2. Colouring In a seated position (chair or wheelchair if 

appropriate), participants used their dominant 

hand to colour a picture of their choice. 
 

3. Ball throwing and catching In a seated position, participants threw a ball 

to a therapist, who returned the ball, and this 

was repeated. 
 

4. Overground walking with a mobility aid Participants used their regular mobility aid to 

walk at a brisk pace “as if you’re hurrying to 

get to class on time.” The pace was self-

selected by the child. 
 

5. Wheelchair propulsion Participants manually propelled their 

wheelchair. 
 

6. Cycling on a modified tricycle Participants performed lower limb cycling 

using an adapted tricycle or recumbent bike. 
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3.3 Instrumentation 

The ActiGraph GT3X+ is a small and lightweight motion sensor (3.8cm x 3.7cm x 1.8cm, 

27g) that measures accelerations in the vertical, medial-lateral and anterior-posterior planes; 

ranging in magnitude from +/- 6G. Data were sampled at a user specified rate between 30 and 

100 Hz. For the current study, a sampling frequency of 30Hz was used. Raw acceleration data 

was downloaded using ActiLife software (ActiGraph Corporation, Pensacola, FL). 

3.4 Data Pre-processing and Feature Extraction 

For each placement, a dataset was created which included the original acceleration signal in 

the x, y and z axes; as well as the acceleration signal from each axis transformed into a single 

dimension vector magnitude (VM), using the equation: 

𝑉𝑀 =  √(𝑥2 + 𝑦2 + 𝑧2) 

Features from the VM and each axis were extracted from non-overlapping windows of 5, 10, 

and 15 seconds in duration; thus creating three different feature sets per placement. A total of 

40 features, shown to be beneficial in previous activity recognition studies, were extracted 

from each axes plus the VM (39, 49). The selected time domain features included: mean, 

standard deviation, coefficient of variation, percentiles (10th, 25th, 50th, 75th, 90th), 

skewness, kurtosis, maximum, minimum, peak to peak, median crossings, zero crossings, 

sum, mean absolute deviation, power, lag-1 autocorrelation, log energy, interquartile range, 

as well as four activity fragmentation features, which are described elsewhere (49). The 

selected frequency domain features included dominant frequency between 0.25-5Hz and 

dominant frequency magnitude between 0.25-5Hz. Cross-axis correlations (yz, yx, xz) were 

also used, as well as tilt, roll and pitch features. To develop PA classification models, activity 
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trials 2 (colouring) and 3 (ball throw and catch) were combined into a single ‘upper limb’ 

(UL) class. 

3.5 Model Training and Cross-validation 

Four well-established supervised learning algorithms were used to build the activity 

classification models: Decision Tree (DT), Random Forest (RF), Support Vector Machine 

(SVM), and Logistic Regression (LR). Models were trained using the “kernlab”, 

“randomForest”, “rpart”, “glmnet” and “caret” packages within R (Version 3.3.2; R 

Foundation for Statistical Computing, Vienna, Austria) (37, 51). Model fit was evaluated 

using a leave-one-subject-out (LOSO) cross-validation method; that is the model is trained on 

data from all participants except one. This participant’s data is omitted from training and used 

as a test dataset, a process that is repeated until each participant has been the hold out. Cross-

validation performance was evaluated using accuracy, which is calculated as: 

𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠

𝑡𝑜𝑡𝑎𝑙 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠
 × 100 

Class level accuracy refers to classification accuracy averaged over each class of PA. This is 

different from the overall accuracy, which is based on the data aggregated over all classes of 

PA. 

3.6 Preliminary Model Development and Experimentation 

In order to determine the best classification approach, the following parameters were initially 

benchmarked: classification algorithm (DT, RF, SVM, LR), placement site (wrist, hip, thigh, 

ankle), window size (5, 10, 15 seconds), and feature type (VM or x, y and z axes). 

Considering each possible combination of the aforementioned parameters, a total of 96 

models were developed. Performance was evaluated using class level accuracy. The best 
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performing window size and feature type were adopted, and the poorest performing 

placement and classification algorithm were omitted from further investigation. 

3.7 Feature Selection and Feature Fusion 

Minimum-redundancy Maximum-relevance (mRMR) feature selection was employed to 

reduce the number of features used in training the model to between 10 and 28. Following 

single monitor placement evaluation, feature sets were fused to determine if model 

performance improved using a combination of two or three accelerometer placements. 

3.8 Statistical Analysis 

Performance differences for the best single, two- and three-placement models were tested for 

statistical significance using one-way repeated measures ANOVA using SPSS statistical 

software (Version 24; IBM Inc, Chicago, IL, USA). Prior to running each repeated measures 

ANOVA, Mauchly’s test of sphericity was undertaken to ensure equal variance among 

groups. Bonferroni post-hoc analysis was employed to assess differences in pairwise 

comparisons. 

Further investigation into the effect of placement combination and task on classification 

accuracy was performed using a linear mixed model. The model was developed using the 

“lme4”, “effects”, and “afex” packages in R. Fixed effects were class of PA, classification 

algorithm and placement combination. Participant was considered a random effect. A 

secondary model was then developed, whereby the interaction effect between placement 

combination and task was inserted into the model as a fixed effect. Bayesian information 

criterion (BIC) was used to infer model parsimony. To avoid inflation of type I error rate, a 

Bonferroni correction was applied.  
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4.0 Results 

4.1 Participant Characteristics 

A total of 11 children and adolescents with CP participated in the study. The average age of 

the participants was 11 years (± 3 years), with 6 females (55%) and 6 classified at GMFCS 

level IV (55%). All of the participants in the current study had a spastic form of CP, with the 

exception of one child who had dystonic CP. All participants had bilateral distribution of 

affects, with 6 diplegic (55%). Overall, participants were 1.35 ± 0.17 m tall, and weighed 

41.22 ± 18.12 kg. Eight participants used a wheelchair as their primary mobility aid, of which 

five propelled manually. Three participants used a walker as their primary mobility aid. 

4.2 Model Development 

Confusion matrices and graphic representation of class-based accuracy from preliminary 

experimentation can be found in Appendix A. Following this benchmarking process, the 

ankle monitor and LR classifier were omitted from further investigation. All classifiers were 

trained on VM features extracted from 5 second non-overlapping windows. Models trained 

on data sampled at 10 and 15 second non-overlapping windows, as well as models trained on 

x, y and z features did not undergo further investigation. 

4.3 Cross-validation Performance 

Cross-validation recognition accuracy for the single-placement, two-placement and three-

placement models are reported in Table 2. The best performing single-placement model was a 

RF classifier trained on wrist features, yielding an overall prediction accuracy of 79%. The 

best performing model built on a combination of two placements was a RF classifier trained 

on wrist and hip features, yielding an overall prediction accuracy of 92%. Of the models built 

on a combination of all three placements, an SVM classifier was most effective, producing an 
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overall prediction accuracy of 90%. The classification accuracy for three best performing 

models are presented in Figure 4. The one-way repeated measures ANOVA demonstrated a 

statistically significant difference in classification accuracy across the three best performing 

placement combinations (F2,20 = 16.5, p < 0.0001). Pairwise comparisons revealed the 

combinations of multiple accelerometer placements (wrist and hip or wrist, hip and thigh) 

exhibited statistically significantly higher accuracy than a single monitor alone (p < 0.05). 

Overall accuracy for the combination of two monitors was just 1.5 percentage points higher 

than a combination of three monitors and was not statistically significant. 

Table 2. Cross-validation accuracies. 

Activity Monitor 

Placement 

 Overall Accuracy (%) 

 SVM RF DT 

Wrist 77.3 79.0 76.6 

Hip 65.6 65.4 61.6 

Thigh 65.6 62.4 59.0 

Wrist + Hip 89.0 91.9 86.5 

Wrist + Thigh 88.5 89.8 76.4 

Hip + Thigh 74.7 76.2 70.2 

Wrist + Hip + Thigh 90.4 88.2 84.0 
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Figure 4. Overall accuracy of the best performing single-placement activity monitor, 

combination of two- and three-placement classifiers. Error bars indicate standard error.       

* indicates significantly different from Wrist (p < 0.05) 

4.4 Confusion Matrices 

Confusion matrices for the best performing single-placement, combination of two- and three-

placement models are presented in Tables 3, 4 and 5, respectively. Across the three best 

performing models, prediction accuracy ranged from good to excellent for supine rest (80-

100%), good to excellent for wheelchair propulsion (77-85%), good to excellent for walking 

(79-97%) and excellent for upper limb tasks (88-94%). Prediction accuracy for cycling was 

poor using a wrist classifier (46%), but improved using a combination of hip and wrist (73%). 

Prediction accuracy for cycling was highest using a combination of all three placements 

(80%). Generally, algorithms built using a combination of placements increased classification 

accuracy for most activities. 
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Table 3. Confusion matrix for Random Forest classifier trained on wrist data. 

Activity 

Class 

Overall accuracy = 79% 

Observed    

Prediction Supine WC Cycle Walk UL 

Supine 447 [0.80] 0 [0.00] 25 [0.05] 0 [0.00] 85 [0.15] 

WC 5 [0.01] 285 [0.81] 0 [0.00] 12 [0.03] 52 [0.15] 

Cycle 35 [0.17] 1 [0.01] 91 [0.46] 0 [0.00] 70 [0.36] 

Walk 2 [0.01] 33 [0.15] 0 [0.00] 172 [0.79] 11 [0.05] 

UL 24 [0.04] 24 [0.04] 21 [0.03] 9 [0.01] 552 [0.88] 

Numbers represent observation counts. Percentage of observations for a given class are 

reported in brackets. Values in bold indicate number and proportion of correctly classified 

observations 

WC = Wheelchair propulsion, UL = Upper Limb task 
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Table 5. Confusion matrix for Support Vector Machine classifier trained on wrist, hip and 

thigh data 

Activity 

Class 

Overall accuracy = 90% 

Observed    

Prediction Supine WC Cycle Walk UL 

Supine 551 [0.99] 0 [0.00] 0 [0.00] 0 [0.00] 6 [0.01] 

WC 0 [0.00] 274 [0.77] 0 [0.00] 2 [0.01] 78 [0.22] 

Cycle 0 [0.00] 0 [0.00] 157 [0.80] 16 [0.08] 24 [0.12] 

Walk 0 [0.00] 0 [0.00] 0 [0.00] 211 [0.97] 7 [0.03] 

UL 5 [0.01] 39 [0.06] 1 [0.00] 10 [0.02] 575 [0.91] 

Numbers represent observation counts. Percentage of observations for a given class are 

reported in brackets. Values in bold indicate number and proportion of correctly classified 

observations 

WC = Wheelchair propulsion, UL = Upper Limb task 

 

Table 4. Confusion matrix for Random Forest classifier trained on wrist and hip data. 

Activity 

Class 

Overall accuracy = 92% 

Observed    

Prediction Supine WC Cycle Walk UL 

Supine 557 [1.00] 0 [0.00] 0 [0.00] 0 [0.00] 0 [0.00] 

WC 0 [0.00] 301 [0.85] 0 [0.00] 1 [0.00] 52 [0.15] 

Cycle 0 [0.00] 0 [0.00] 144 [0.73] 5 [0.03] 48 [0.24] 

Walk 1 [0.01] 5 [0.02] 0 [0.00] 209 [0.96] 3 [0.01] 

UL 8 [0.01] 26 [0.04] 4 [0.00] 2 [0.00] 590 [0.94] 

Numbers represent observation counts. Percentage of observations for a given class are reported 

in brackets. Values in bold indicate number and proportion of correctly classified observations 

WC = Wheelchair propulsion, UL = Upper Limb task 
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4.5 Main Effects 

A linear mixed model was used to examine variable effects on classification accuracy. The 

initial model did not consider any variable interaction. The main effect for placement 

combination on accuracy is reported in Table 6. A combination of placements consistently 

yielded greater classification accuracy than a single placement, with highest level of 

classification accuracy observed for the wrist and hip combination. In Table 7, a high level of 

classification accuracy is observed in the supine, upper limb and walking tasks (79.86 – 

91.70%); whereas poor classification accuracy is demonstrated when predicting cycling and 

wheelchair propulsion (52.35 – 56.47%). It should be noted that these accuracy scores are 

across each participant, classifier and placement combination. 

Table 6. Overall accuracy for each placement combination. 

Placement Accuracy 

Hip 55.3 (49.5 – 61.0)  

Thigh 62.9 (57.1 – 68.7) 

Wrist 75.2 (69.4 – 81.0) 

Hip and Thigh 71.1 (65.3 – 76.9) 

Wrist and Thigh 80.5 (74.7 – 86.3) 

Wrist and Hip 84.8 (79.0 – 90.6) 

Wrist, Thigh and Hip 83.7 (77.9 – 89.5) 

 

Table 7. Overall accuracy for each task. 

Task Accuracy 

Cycle 56.5 (51.2 – 61.7) 

Supine 91.7 (86.6 – 96.8) 

Upper Limb 79.9 (74.7 – 85.0) 
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Walk 81.8 (75.4 – 88.1) 

Wheelchair 52.4 (46.6 – 58.1) 

 

4.6 Interaction Effects 

In order to consider the interaction effect of placement combination and task on accuracy a 

secondary linear mixed model was constructed. The initial model had a BIC of 8551.30, 

whilst the secondary model had a BIC of 8246.08. The apparent reduction in BIC suggests 

that a model inclusive of placement combination and task interaction was a better fit. Table 7 

summarises the results from the secondary linear mixed model. Figure 5 is a graphic 

representation of these results, and illustrates classification accuracy for each placement 

combination, across the different tasks; displaying the interaction effect between these two 

variables. Variation in classification accuracy caused by different classifiers (SVM, RF, DT) 

has been removed. Significant differences (p < 0.05) in classification accuracy among 

placement combinations for a given task were also identified. For the cycling task, all 

combinations were significantly more accurate than the hip placement. For the walking task, 

all combinations were significantly more accurate than the hip placement, with the exception 

of the wrist placement. All placement combinations yielded an accuracy greater than 75% in 

the supine task. Significant improvements in classification accuracy are observed for upper 

limb and wheelchair propulsion tasks with any placement combination including a wrist 

monitor. 
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Table 8: Linear Mixed Model Summary    

Fixed effects Estimate Std. Error t value  
Intercept 8.0 4.3 1.8 

 
Classification  

(ref: Decision Tree)     

    Random Forest 5.6 1.6 3.5 *** 

    Support Vector Machine 5.0 1.6 3.1 ** 

Placement : Task Interaction 

(ref: Hip : Cycle)     

    Hip and Thigh : Supine -53.8 7.1 -7.5 *** 

    Thigh : Supine -66.7 7.1 -9.3 *** 

    Wrist : Supine -73.2 7.1 -10.3 *** 

    Wrist and Hip : Supine         -53.0 7.1 -7.4 *** 

    Wrist and Thigh: Supine -65.1 7.1 -9.1 *** 

    Wrist, Hip and Thigh : Supine -54.3 7.1 -7.6 *** 

    Hip and Thigh : Upper Limb -52.9 7.1 -7.4 *** 

    Thigh : Upper Limb -63.1 7.1 -8.8 *** 

    Wrist : Upper Limb -37.1 7.1 -5.2 *** 

    Wrist and Hip : Upper Limb -36.2 7.1 -5.1 *** 

    Wrist and Thigh : Upper Limb -35.8 7.1 -5.0 *** 

    Wrist, Hip and Thigh : Upper Limb -40.4 7.1 -5.7 *** 

    Hip and Thigh : Walk -23.2 8.9 -2.6 ** 

    Thigh : Walk -19.5 8.9 -2.2 * 

    Wrist : Walk -36.0 8.9 -4.0 *** 

    Wrist and Hip : Walk -23.9 8.9 -2.7 ** 

    Wrist and Thigh : Walk -16.8 8.9 -1.9 
 

    Wrist, Hip and Thigh : Walk -18.9 8.9 -2.1 * 

    Hip and Thigh : Wheelchair -57.8 8.1 -7.2 *** 

    Thigh : Wheelchair -52.0 8.1 -6.5 *** 

    Wrist : Wheelchair 8.1 8.1 1.0 
 

    Wrist and Hip : Wheelchair 7.7 8.1 1.0 
 

    Wrist and Thigh : Wheelchair 8.0 8.1 1.0 
 

    Wrist, Hip and Thigh : Wheelchair -0.8 8.1 -0.1   

*** indicates p < 0.001, ** indicates p < 0.01, * indicates p < 0.05 
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Figure 5. Interaction effect of task and placement combination on classification accuracy  
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5.0 Discussion 

The purpose of this study was to develop and test machine learning models to predict PA type 

in children and adolescents with CP who use a mobility aid for ambulation in a controlled 

setting. This study also investigated the optimal number and placement location of 

accelerometers required to objectively measure PA. The current project is the first to examine 

the validity of machine learning models built on accelerometer data for objectively measuring 

PA in children with CP who use a mobility aid for ambulation .  

5.1 Overview and Contextualising of Findings 

The ensuing section will contextualise findings and respond to each hypothesis composed at 

the conception of the study. 

5.1.1 Overall Accuracy 

Classifiers in this study, trained on features from the VM of raw acceleration signals from the 

wrist, hip, thigh, and combinations of these placements, achieved acceptable recognition 

accuracy for a range of physical activities commonly performed by  children and adolescents 

with CP who use a mobility aid for ambulation. Furthermore, the classifiers demonstrated a 

capacity to detect and classify both seated and standing activity, as well as upper-limb 

involvement during seated activities and wheelchair propulsion. In the context of children 

with CP classified as GMFCS levels III and IV this is a significant finding. These specific 

movements encompass the diversity of mobility in this population, as well the functional 

requirements to participate in a range of activities at school and at home. The classifiers 

developed  within this study achieved comparable performance accuracy to those trained in 

both TD children and ambulatory children with CP (19, 27, 37, 39, 52). In agreement with the 

first hypothesis, machine learning algorithms trained on features in the accelerometer data did 
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provide accurate predictions of PA type in children with CP who use a mobility aid for 

ambulation (GMFCS III and IV). 

5.1.2 Optimal Number and Placement of Accelerometers 

The overall accuracy of classifiers trained on data from a single accelerometer was variable, 

ranging from 59 – 79%. The results demonstrate that classification algorithms trained on data 

from a single accelerometer placed at the wrist consistently achieved a higher classification 

accuracy than an accelerometer placed at the hip or the thigh. This is a logical finding when 

considering the upper limb requirements of the majority of the tasks assessed in this study 

(ball throwing, colouring, wheelchair propulsion), and the accurate recognition of supine 

class irrespective of accelerometer placement. The most accurate model trained on data from 

a single placement was a RF classifier trained on wrist data. Inspection of the confusion 

matrix for this classifier reveals accurate detection of all classes of activity with the exception 

of cycling. These results support the use of a single accelerometer placed at the wrist for 

habitual PA data collection in a clinical scenario whereby the following two conditions are 

apparent: 1) cycling is not an activity of interest and 2) wearing multiple accelerometers is 

not feasible. The second of these two conditions may arise when access to accelerometers is 

limited, or the subject of interest has poor tolerance to wearables. 

During the activity trials, significant encouragement was required for some participants to 

tolerate wearing four activity monitors for the full 60-90 minute session. The variability in 

children’s level of tolerance and willingness to follow instructions can likely be attributed to 

the range of associated conditions that were present in the study cohort, including intellectual 

disability (n=5), sensory processing difficulties (n=1) and behavioural disorders (n=2). The 

decision to not exclude children with associated conditions was considered necessary to 

achieve a study sample that emulates the wider population of people with CP, whereby one in 
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two children have an intellectual disability and one in four have behaviour problems (12, 53). 

A further explanation for the variability in tolerance was that the study included children as 

young as six years old, who were not motivated by the study objectives and required 

encouragement to keep the monitors on for the duration of the activity trials. Such factors are 

important for clinicians to consider when prescribing wearable devices to track habitual PA 

in children with CP in the community, where constant supervision is not feasible and data 

collection spans over a period of days rather than hours. 

The overall accuracy of classifiers trained on data from a combination of accelerometers was 

significantly higher than classifiers trained on data from a single placement. In agreement 

with the second hypothesis, additional accelerometer placements did improve classification 

accuracy when using machine learning algorithms trained on features in the accelerometer 

data to detect different types of PA in children with CP who use a mobility aid for ambulation 

(GMFCS III and IV). However, there was no significant increase in accuracy when 

comparing a combination of two placements and three placements. This finding corroborates 

the results of a previous study in TD adults (28). Cleland and colleagues also identified a 

significant improvement in accuracy with the increase of sensing locations from one to two or 

more sensors, yet no further improvement was observed with the addition of data from more 

than two locations. Results from the present study add further support to the notion that 

accurate activity detection can be achieved with only two accelerometers. This also supports 

the view discussed previously, where a practical approach with minimal instrumentation 

should be adopted. 

Consistent with results of studies conducted in TD children (37) and ambulant children with 

CP (39), the combined hip and wrist classifier achieved consistently higher overall accuracies 

than the single placement classifiers. Furthermore, the wrist and hip classifier also 

consistently provided higher recognition accuracies than the other combinations of two 
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placements (i.e. hip and thigh, wrist and thigh). The results are also supportive of previous 

works which have contributed to the paradigm that a sensor placed on the upper and lower 

part of the body can detect and classify a range of everyday tasks (28, 37, 39). Inspection of 

the confusion matrices indicated that upper limb classifiers (wrist) were superior at detecting 

activities involving significant arm movement, whilst lower limb classifiers (hip, thigh) were 

superior at detecting locomotive activities; an unremarkably logical finding. It is theorised 

that the fusion of features from multiple sites improves activity detection and classification 

across a range of tasks by nullifying the weaknesses one sensor location may have for 

detecting certain movements. 

Analysis of the interaction effect of placement combination on task accuracy further explored 

the notion that specific sensor placements, and combinations of sensor placements, are better 

suited to certain tasks. Findings from the analysis conducted (Figure 5) offer guidance to 

clinicians and researchers in making an informed choice about the number and placement of 

accelerometers required, specific to a task of interest. This may include evaluating the 

efficacy of an intervention (e.g. cycling), promoting habitual physical activities (e.g. 

overground walking with a mobility aid) or limiting sedentary behaviours (e.g. supine). 

5.1.3 Physical Activity in Children with Cerebral Palsy 

The findings from this study hold broader clinical importance. It has been well documented 

that children with CP are spending too much time being sedentary whilst concurrently not 

achieving adequate times of being physically active (15). There is also some evidence to 

suggest that generally, as GMFCS level increases, sedentary behaviour increases and PA 

levels decreases. These poor PA habits can adversely affect the development and function of 

the child as they progress into adolescence and adulthood; which in a cyclic fashion 

perpetuates poor engagement in PA. Children GMFCS levels III, IV and V are at risk of 
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losing motor function, with the greatest declines present in level IV (3). Speculated reasons 

include a combination of physical growth and decreased self-initiated motor function, along 

with increased energy costs, muscle stiffness, and changes in spinal alignment. 

5.1.4 Clinical Implication 

Given the identified inactivity in children with CP and its apparent impact on their health, it 

has been suggested that PA and exercise participation are crucial to maintaining function as 

children with CP progress into adolescence and adulthood (54). There is also emerging 

evidence indicating that higher habitual PA is associated with higher motor capacity (55). 

Secondary to this, there has broadly been an increased emphasis on reducing sedentary time 

in conjunction with changes to habitual PA (56). It is therefore critical to have an accurate 

means by which both sedentary behaviour and habitual PA can be objectively measured. 

Results from this study are supportive of the use of accelerometers and machine learning 

approaches to achieve this accurate detection and classification. In particular, highly accurate 

recognition of sedentary behaviour (supine) is achieved by a number of different sensor 

placement locations and combinations of sensor placements. 

5.2 Study Strengths, Limitations, and Future Directions 

5.2.1 Study Strengths 

This study had a number of strengths. It is the first to develop and appraise methods for the 

objective measurement of habitual PA in children with CP GMFCS levels III and IV, in a 

controlled setting. Secondly, the study included a variety of upper limb, lower limb, standing 

and seated tasks typical of children and adolescents. Third, feature fusion was implemented 

to develop and train classifiers on a combination of accelerometer placements, which 

ultimately demonstrated superior classification accuracies. Finally, the interaction effect of 

placement combination and task on classification accuracy was explored, permitting the 
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inference of ideal accelerometer placement for a particular task of interest. This information 

may be useful in the future for researchers and clinicians alike. 

5.2.2 Study Limitations 

The present study had several limitations that should be acknowledged. Firstly, all classifiers 

were trained and tested using acceleration data collected in a clinical environment and 

included controlled activity trials which may not be fully representative of activity patterns in 

free-living conditions. Accordingly, additional experimentation with these classifiers on data 

collected in a free-living environment is required to evaluate generalisability. Furthermore, 

qualitative interviews with children with CP and their families would allow for consumer 

involvement in the choice of physical activities. Second, the present study was limited to 

activity detection and recognition. There was no prediction of energy expenditure or 

evaluation of PA intensity. The purpose of the current study however, was to validate the use 

of machine learning approaches for activity recognition in children with CP who use a 

mobility aid for ambulation, and delineate the impact of number and placement of sensors on 

classification accuracy. The accuracy of predictions made regarding energy expenditure may 

be improved when the activity type is classified first (57); an approach that warrants further 

experimentation. Finally, there was no running or varying paced walking tasks included in 

the current study; the two locomotive tasks included were overground walking with a 

mobility aid and wheelchair propulsion. This design is a reflection of the locomotive capacity 

of children with CP who use a mobility aid for ambulation; and aimed to achieve maximum 

participation. However, due to the variance in locomotive capacity across the GMFCS, and 

the inconsistency in walking speeds and walking biomechanics, it is not known whether these 

classifiers are generalisable to ambulant children with CP. It should also be acknowledged 

that models were trained on a relatively small number of participants and hence may not 
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generalise to all children at GMFCS levels III and IV, where this heterogeneity with respect 

to impairment and movement behaviours. 

5.2.3 Future Research 

The results of the current study support the validity and feasibility of machine learning 

approaches to accelerometer data processing in children with CP who use a mobility aid for 

ambulation. Future research should consider incorporating a wider variety of activities of 

daily living into the development of models. For example, the inclusion of transfers between 

chairs and mobility aids. Also, the inclusion of tasks performed by children with less severe 

motor impairments (e.g. skipping, jumping, and kicking) may improve the generalisability of 

the classifiers across the entire spectrum of GMFCS levels. Further experimentation 

involving ensemble approaches and decision level fusion may also enhance PA recognition 

accuracy. Development and testing of personalised classification models and benchmarking 

of performance relative to group or GMFCS specific models also warrants further 

investigation. 

The vast majority of activity recognition literature involves models that are developed and 

trained in controlled, laboratory-based settings. These algorithms are trained using cross 

validation, and accuracy is assessed via confusion matrices. However, the cross-validation 

method may overestimate performance when algorithms are exposed to free-living data. 

Furthermore, there is emerging evidence from TD populations to suggest that algorithms 

trained using free-living data outperform laboratory calibrated algorithms when recognising 

physical activities and sedentary behaviours in daily life (58-60). Therefore, future directions 

should also consider the collection of free living acceleration data in conjunction with, or, in 

place of acceleration data collected in controlled settings. 
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Considering the current study did not investigate energy expenditure, future work should 

develop and test activity specific energy expenditure prediction models that may be paired 

with activity recognition models in a two-step process to effectively monitor PA levels. To be 

applicable to children with CP who use a mobility aid for ambulation, these energy prediction 

models must account for variable movement patterns, decreased biomechanical efficiency 

and the use of mobility aids associated with PA in this population. 

5.3 Conclusion 

This work is the first to investigate the validity of machine learning models built on 

accelerometer features for objectively measuring PA in children with CP who use a mobility 

aid for ambulation  within a laboratory setting. Machine learning classifiers trained on 

accelerometer features from the wrist, hip, thigh, and combinations of these placements can 

be used to accurately detect and classify PA type in children with CP who use a mobility aid 

for ambulation. Fusion of accelerometer features from the wrist and hip yielded the best 

classification accuracy, and the addition of a third monitor had no significant impact on 

classification accuracy. If using multiple accelerometers is not feasible, a single monitor at 

the wrist can accurately detect most PA typical of children with CP who use a mobility aid 

for ambulation, with the exception of cycling. Future studies investigating children with CP 

who use a mobility aid for ambulation can use these population specific classifiers to evaluate 

the efficacy of interventions. 
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7.0 Appendices 

7.1 Appendix A: Preliminary classifier experimentation 

7.1.1 Ankle Accelerometer 
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xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.7556 0.7628 0.7937 0.6622 0.6486 0.6816 

Supine 0.8474 0.8479 0.8565 0.8537 0.8608 0.8469 

UL 0.7778 0.7652 0.7712 0.7496 0.76 0.7661 

Walk 0.58333 0.56154 0.55172 0.49621 0.53077 0.51724 

WC 0.38406 0.39512 0.37956 0.35507 0.35122 0.34307 

UL = upper limb, WC = wheel chair propulsion 
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Decision Tree           

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.6711 0.6577 0.7085 0.5185 0.6306 0.6906 

Supine 0.8633 0.8706 0.866 0.8299 0.8123 0.8086 

UL 0.8205 0.9096 0.8175 0.8786 0.887 0.7738 

Walk 0.17424 0.04615 0.13793 0.43939 0.03846 0.56322 

WC 0.18116 0 0.10219 0.06763 0 0.13869 

UL = upper limb, WC = wheel chair propulsion 
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SVM             

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.6119 0.6006 0.6099 0.7096 0.7177 0.7354 

Supine 0.31955 0.12298 0.03828 0.7631 0.7605 0.8182 

UL 0.7171 0.7757 0.8329 0.8239 0.8539 0.8535 

Walk 0.54545 0.46154 0.48276 0.43939 0.36154 0.37931 

WC 0.31159 0.28293 0.27007 0.28019 0.24878 0.25547 

UL = upper limb, WC = wheel chair propulsion 
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Logistic Regression           

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.5077 0.5255 0.6637 0.7141 0.7087 0.722 

Supine 0.1473 0 0.30622 0.814 0.8414 0.8373 

UL 0.7473 0.8957 0.617 0.8009 0.8539 0.874 

Walk 0.53788 0.52308 0.66667 0.38636 0.59231 0.58621 

WC 0.09018 0 0.32847 0.32367 0.0439 0.05839 

UL = upper limb, WC = wheel chair propulsion 
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7.1.2 Hip Accelerometer 
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vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.5052 0.4775 0.4709 0.3007 0.28829 0.24215 

Supine 0.7504 0.7961 0.799 0.7393 0.767 0.8612 

UL 0.7462 0.7583 0.7661 0.7726 0.7983 0.7763 

Walk 0.56439 0.58462 0.65517 0.41667 0.46154 0.58621 

WC 0.05073 0.0439 0.0365 0.1087 0.12195 0.16058 

UL = upper limb, WC = wheel chair propulsion 
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Decision Tree           

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.4948 0.39339 0.36771 0.15556 0.34835 0.45291 

Supine 0.8728 0.877 0.8804 0.8728 0.8706 0.8756 

UL 0.8239 0.7983 0.8329 0.8077 0.6922 0.6658 

Walk 0.5 0.6 0.5977 0.49621 0.56923 0.48276 

WC 0.00483 0.10732 0 0 0 0 

UL = upper limb, WC = wheel chair propulsion 
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SVM             

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.41778 0.28529 0.36771 0.39111 0.33634 0.287 

Supine 0.48172 0.5178 0.5646 0.8124 0.8123 0.8134 

UL 0.6359 0.7548 0.7018 0.7769 0.8278 0.8792 

Walk 0.57955 0.50769 0.50575 0.32197 0.37692 0.28736 

WC 0.01932 0.00488 0.0146 0.14251 0.07317 0.0438 

UL = upper limb, WC = wheel chair propulsion 
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Logistic Regression         

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.4 0.45646 0.4978 0.37185 0.39339 0.17489 

Supine 0.47218 0.5793 0.6268 0.8633 0.8608 0.9043 

UL 0.5735 0.5617 0.5758 0.8034 0.7774 0.8997 

Walk 0.52652 0.53846 0.5977 0.47727 0.53077 0.51724 

WC 0.01932 0.0439 0.05839 0.03865 0.02439 0 

UL = upper limb, WC = wheel chair propulsion 
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7.1.3 Thigh Accelerometer 
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vm features 
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5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.6474 0.6517 0.6323 0.7067 0.7267 0.722 

Supine 0.44674 0.5372 0.5502 0.5803 0.5793 0.5646 

UL 0.5897 0.6191 0.6272 0.6821 0.7043 0.7147 

Walk 0.73864 0.78462 0.78161 0.84091 0.87692 0.89655 

WC 0.17391 0.23415 0.21168 0.25121 0.33171 0.38686 

UL = upper limb, WC = wheel chair propulsion 
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Decision Tree           

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.5748 0.5766 0.5561 0.6593 0.7117 0.6233 

Supine 0.6582 0.6278 0.4689 0.7138 0.7217 0.6746 

UL 0.5624 0.5304 0.6144 0.7265 0.7861 0.7763 

Walk 0.62979 0.55385 0.56322 0.06818 0.44615 0.04598 

WC 0.01932 0.11707 0.15328 0 0.0439 0 

UL = upper limb, WC = wheel chair propulsion 
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SVM             

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.5837 0.5556 0.4978 0.6815 0.7477 0.7085 

Supine 0.45946 0.43689 0.29187 0.5119 0.5178 0.5407 

UL 0.588 0.6139 0.7455 0.8248 0.833 0.8149 

Walk 0.61364 0.64615 0.52874 0.80682 0.82308 0.74713 

WC 0.16425 0.17561 0.0146 0.12802 0.12195 0.10219 

UL = upper limb, WC = wheel chair propulsion 
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Logistic Regression         

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.5956 0.6396 0.6547 0.7481 0.7538 0.7848 

Supine 0.5692 0.5987 0.5742 0.593 0.5599 0.6029 

UL 0.6342 0.6017 0.5835 0.7829 0.7896 0.7815 

Walk 0.60227 0.67692 0.67816 0.84848 0.82308 0.82759 

WC 0.23188 0.2976 0.33577 0.29469 0.32683 0.27737 

UL = upper limb, WC = wheel chair propulsion 
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7.1.4 Wrist Accelerometer 
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Random Forest           

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.6326 0.6757 0.7175 0.6607 0.6907 0.6592 

Supine 0.5342 0.49515 0.555 0.5469 0.5955 0.5885 

UL 0.7231 0.7287 0.7352 0.7402 0.7496 0.7815 

Walk 0.70076 0.68462 0.74713 0.61364 0.62308 0.62069 

WC 0.68357 0.71707 0.72263 0.62077 0.69268 0.67153 

UL = upper limb, WC = wheel chair propulsion 
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Decision Tree           

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.5644 0.6186 0.6457 0.6622 0.5796 0.6547 

Supine 0.6439 0.6246 0.5263 0.5135 0.5372 0.5215 

UL 0.6556 0.713 0.7224 0.688 0.7374 0.7892 

Walk 0.75 0.86154 0.75862 0.56818 0.50769 0.72414 

WC 0.54106 0.7122 0.70073 0.63527 0.6439 0.56204 

UL = upper limb, WC = wheel chair propulsion 
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SVM             

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.4563 0.5135 0.5561 0.6622 0.6817 0.6413 

Supine 0.5087 0.49515 0.47847 0.47854 0.5113 0.5024 

UL 0.6188 0.6435 0.6401 0.7214 0.7165 0.7095 

Walk 0.40152 0.37692 0.42529 0.58712 0.68462 0.64368 

WC 0.42995 0.51707 0.56934 0.61353 0.70732 0.72993 

UL = upper limb, WC = wheel chair propulsion 
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Logistic Regression         

  

vm features 

 

xyz features 

 

5 sec 10  sec 15 sec 5 sec 10  sec 15 sec 

Cycle 0.5007 0.5105 0.5336 0.6859 0.6787 0.6816 

Supine 0.5421 0.5955 0.5694 0.49603 0.49191 0.512 

UL 0.4838 0.5304 0.545 0.6607 0.6713 0.6889 

Walk 0.34091 0.35385 0.33333 0.56439 0.59231 0.68966 

WC 0.39614 0.5171 0.50365 0.6014 0.6439 0.63504 

UL = upper limb, WC = wheel chair propulsion 
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