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Chapter 6

MAIN FINDINGS

This thesis examines the hypothesis that machine learning can accurately classify individuals 
by age groups or fallers vs. non-fallers based on their gait because the properties of gait differ 
between these groups. Additionally, geriatric patients with or without a cognitive impairment 
may also have comorbidities; therefore, using the combination of gait and standard clinical test 
variables as inputs could accurately classify these groups rather than inputting only gait or only 
clinical variables to the models. Gait data as inputs to the machine learning classification models 
were calculated from 3D-accelerometer time-series signals. The thesis has pursued the idea that 
we could identify gait variables that contribute the most to the prediction models gait data could 
help clinicians to diagnose gait and cognitive impairments, and screen for patients with fall risk. 
Figure 1 summarizes the results of the thesis.

Chapter 2 shows that the Artificial Neural Network (ANN) model can accurately classify healthy 
young-middle age adults, healthy older adults and geriatric patients based on 23 dynamic gait 
outcomes calculated from accelerometer signals at an accuracy of 89%. The advantage of the ANN 
model vs. other models examined in this thesis is that it outputs each variable’s contribution to the 
model. Compared with healthy young-middle aged adults, healthy older adults are recognized to 
have a low amplitude variability, unsynchronized and unstable gait. Geriatric patients vs. the other 
two age groups are identified to have gait with lower amplitude variability, more unstable and less 
regular, and less synchronisation. The ANN model also accurately classified geriatric patients with 
or without cognitive impairment in Chapter 3. The model with the input of integrated clinical 
data and the same 23 dynamic gait outcomes used in Chapter 2 obtained the most accurate 
classification (accuracy of 96%). The interaction between clinical and gait variables was a key 
determinant of improving ANN’s classification accuracy for geriatric patients with or without 
cognitive impairment. Patients with cognitive decline had poor mobility and an increased risk of 
mortality, accompanied by unpredictable, unstable, highly variable and irregular gait.

Based on retrospective falls, Chapters 4 and 5 employed the same 27 spatial-temporal gait 
variables to classify patients with multiple neurological disorders into fallers and non-fallers 
from disorders. Chapter 4 reported a similar classification performance under single and dual 
task gait conditions using the Partial Least Square Discriminant Analysis (PLS-DA) method. 
The model produced an area under a receiver operating curve (AUC) of 0.66-0.77 to classify 
fallers vs. non-fallers. The gait of fallers vs. non-fallers was characterized by a slower pace, longer 
swing/stance time, higher variability, shorter stride length, lesser ankle dorsiflexion at heel strike, 
and greater plantarflexion at toe-off. The results indicate that although these gait variables were 
highly associated with falls, they did not provide a unique signature for any specific neurological 
disorder. To improve the classification performance Chapter 4 and 5 subsequently used the 
Path Signature method to pre-process gait data for six machine learning methods in order to 
classify fallers from non-fallers under a single task gait condition. The Path Signature method 
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did significantly improve the RF machine learning classification, with an increase in AUC from 
0.77 in Chapter 4 to 0.98 in Chapter 5.

Figure 1. A comprehensive structural model of the thesis. In chapters 2 through 5, different machine learning 
models are used to accurately classify different age and clinical populations and identify crucial variables 
associated with age, cognitive impairment, and falls. The red arrow represents the decreased values of the 
variables; the green arrow represents the increased values of the variables. PCA: Principal Component Anal-
ysis; LDA: Linear Discriminant Analysis; LR: Logistic Regression; NB: Naïve Bayes; SVM: Support Vector 
Machine; KNN: K-Nearest Neighbour; RF: Random Forest; ANN: Artificial Neural Network; PLS-DA: Par-
tial Least Square Discriminant Analysis; BMI: Body Mass Index; TUG: Timed Up and Go; CCI: Charlson 
Comorbidity Index; AUC: an area under a receiver operating characteristic curve; Y/M: Young-middle age 
adults; AP: anterior-posterior; ML: medio-lateral; V: vertical.

MACHINE LEARNING METHODS TO COMPLEMENT TRADITIONAL 
STATISTICAL ANALYSES

The main findings of this thesis suggest that human gait is a sensitive indicator for identifying the 
health conditions of aging adults such as cognition and falls. This finding is in line with previous 
data [1]. The application of a wide variety of machine learning methods to gait classification signifies 
the increasing sophistication of data science and its application to clinical conditions [2]. The results 
of these methods could, in addition to standard clinical assessments, help clinicians to understand 
patients’ gait data and increase the diagnostic accuracy [3]. Recently, the development of wearable 
technologies such as inertial measurement units have enabled a more accurate capturing of the 
entire process of gait, thereby accumulating a large number of interdependent gait variables [4].

Dynamic gait outcomes are gait variables calculated from 3D accelerometers representing 
smoothness, stability, variability and regularity of gait. Dynamic gait outcomes with a 
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multidimensional and non-linear correlated data structure were employed in Chapters 2 and 
3. Although the traditional statistical methods such as student 𝑡-tests and non-parametric tests 
are widely used in clinical gait analysis, these tools lack the classification and predictive ability to 
interpret multivariate dynamic gait outcomes [2]. The robust technique that has emerged to analyse 
gait data in this thesis is machine learning [5]. Machine learning is result-oriented and provides 
algorithms for accurate classification and clustering of groups. Although several statistical models 
are also suitable for prediction, these methods focus on quantifying the relationship between 
variables and the significance of this relationship, rather than on repeatable classification and 
predictive modelling [6] [7]. Machine learning has the capacity to automatically learn from data, 
construct algorithms that involve integrated advanced statistical and probabilistic techniques [8]. 
Compared with traditional statistical methods, machine learning methods enable the identification 
of patterns in gait data more readily so that the precision of clinical diagnosis increases.

SELECTION OF A MACHINE LEARNING CLASSIFICATION MODEL

Obtaining accurate gait classification using machine learning models starts by selecting the most 
appropriate machine learning algorithm that can address the research. The method chosen must 
have the capability to account for pathological factors affecting gait. The key idea is to determine 
unique gait variables that can discriminate groups of individuals with a unique clinical condition. 
The choice of a classifier depends largely on gait variables and their correlation with output outcomes.

Six machine learning classifiers were employed in Chapter 5 to classify fallers and non-fallers; 
however, the input of high dimensional, high correlation and multicollinearity spatial-temporal 
gait variables decreased the classification performance (averaged accuracy of 63%). When 
establishing machine learning models based on algorithms such as Linear Discriminant Analysis 
(LDA), Logistic Regression (LR) and K-Nearest Neighbour (KNN), multiple features must be 
considered; therefore, it is inevitable multi-dimensionality and high correlation among gait 
variables unfavourably affect the machine learning classification [9]. It is therefore necessary to 
develop an automated process with a function that extracts the most important features from 
the gait variables. One option is to use a data pre-processing method to generate new features for 
machine learning classifiers [10]. The most common data pre-processing technique in gait analysis 
is principal component analysis (PCA), which constructs principal components by transforming 
correlated gait variables into a set of unrelated linear variables through orthogonal transformation. 
However, one challenge for PCA is to reduce the negative effect of the non-linear correlation of 
gait variables such as dynamic gait outcomes. The optimal technique for extracting the most 
important features from the non-linear gait structure is using kernel methods in combination with 
PCA. The kernel PCA was employed in Chapter 2 to improve the SVM classification performance 
of populations of different ages, with an accuracy of 89% (Chapter 2, [11]). The kernel function 
maps the gait data from the original feature space to a high dimensional space where the gait 
data is linearly separable, and then performs PCA in this new high-dimensional feature space 
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(Chapter 2, [12]). Kernel PCA was also used in a previous study to process the spatial-temporal 
gait variables in advance, improving the SVM classification performance of healthy young and 
older gait patterns from 83% to 91% [13]. The complex structure of spatial-temporal gait variables 
was simplified through use of the Path Signature method in Chapter 5. In short, this method treats 
discrete variables as continuous paths in a two-dimensional space and uses an integral algorithm 
to calculate the new set of geometrical features from the path. Finally, the original variables are 
replaced by the newly generated independent variables in order to train the machine learning 
models, greatly improving their classification performance (Chapter 5, [14]).

Although the classification performance of the RF model showed a considerable improvement in 
Chapter 5 using the Path Signature method to pre-process the gait data (accuracy of 98%), it remains 
unclear whether or not these newly generated variables can be clinically relevant to gait and falls. The 
reason for this uncertainty is that it is not possible to link these newly generated variables to the original 
variables. Thus, the clinical information remains unexplained. For successful clinical application, the 
output of the machine learning model must be translated into meaningful clinical knowledge [15] 
[16]. Concerning only the use of machine learning classifiers to process the multivariate gait datasets, 
Chapters 2, 3 and 4 used the algorithms such as PLS-DA, RF and ANN, which can automatically 
pre-process gait data during the model establishment (Chapters 2 to 4, [17], [18], [19]). Embedding 
a data pre-processing function in machine learning algorithms is crucial when building an accurate 
classification model from multivariate gait data. The contribution of each input gait variable could 
assist clinicians in understanding the specific gait components in relation to clinical diagnosis.

Another consideration is the influence of the number of samples and the number of variables on 
the choice of model. In the datasets of Chapters 2 to 5 the number of samples was much larger 
than the number of variables. However, if the proportion of the sample size with respect to the 
number of variables is too low, there would be a risk of overfitting the model [20]. Overfitting 
models always perform well on training datasets but perform poorly on testing datasets, in other 
words it doesn’t generalize well from training to new data. Therefore, it is imperative to evaluate 
the machine learning model’s performance based on unused data during the model building 
process. Regarding clinical practice, the data size is too small to generate adequate training and 
testing datasets. Functions such as K-fold cross-validation and leave-one-out cross-validation 
were used to increase the adequate size of training and testing datasets. The leave-one-out cross-
validation was used in Chapters 2 to 4; each data was a testing dataset to verify the model’s 
performance. Cross-validation can also alleviate the negative influence of deviations in gait data 
and avoid the overfitting problem in the model (Chapters 2 to 4, [21]). Additionally, the results 
of Chapters 4 and 5 indicated that the accuracy of the classification results would be negatively 
affected by deviations in the datasets, especially when the data is not balanced in each group. It is 
suggested that a comprehensive evaluation of classification performance should include different 
matrices, including AUC, sensitivity, specificity and the model validation score (F1 score). Thus, 
other evaluation matrices were used in place of accuracy in Chapters 2 to 5.
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Although all the machine learning algorithms used in this thesis can automatically adjust the 
hyperparameters from training datasets and strengthen the model’s reliability by cross-validation 
[22], [23], the advantages and disadvantages of each machine learning classifier must still be 
considered. For example, the support vectors and slack variables can determine hyperplanes 
for the SVM classifier, which was used to classify different population ages in Chapter 2. This 
classifier does not require a large number of participants for training [24]; however, for proper 
implementation it is necessary to adjust several hyperparameters such as kernel functions and 
Gamma, and it relies on data configuration in high dimensional space, limiting its interpretability 
(Chapter 2, [16], [25]). The RF classifier was used in Chapters 2, 3 and 5 because this method can 
also handle the small data size. All samples in RF were repeatedly classified in every decision tree. 
This offers better interpretability than SVM as it provides the output of contributions of each gait 
variables [17]. Naïve Bayes is based on priors and likelihood, which may be sensitive to skewed 
data (Chapter 5, [26]). K-Nearest Neighbour, a non-parametric algorithm, is an instance-based 
learner and is negatively affected by high-dimensional data (Chapter 5, [27]). Therefore, these two 
methods obtained a poor classification performance (accuracy of 68% and 62% respectively) in 
Chapter 5 because of the multivariate gait data structure. Deep learning models require a large 
amount of training data; thus, the limited size of the datasets in this thesis are not appropriate 
for deep learning [28].

In accordance with suggestions of model selection and assessment, machine learning approaches 
have been successfully applied in multiple fields related to the biomechanism of human 
mobility, such as medical diagnosis [29], pattern recognition [30], [31], image processing [32] 
and classification [33]. Machine learning techniques are also widely applied in diagnosing gait 
disorders [34], detecting falls caused by aging and designing interventions to reduce the risk of 
falls (Chapters 4 and 5, [35], [36]), and evaluating and constructing rehabilitation or treatment 
intervention programs [37]. A review summarising the recent studies for gait analysis using 
machine learning approaches showed that SVM was the best classifier (averaged accuracy of 87%) 
for small gait datasets [38]. Machine learning techniques in detecting disorders and designing 
rehabilitation schemes can also provide assistance for clinical diagnosis.

THE INTERPRETABILITY OF MACHINE LEARNING MODELS

In Chapter 5, the fallers were accurately distinguished from non-fallers, but the “black box” 
feature of the Path Signature method leads to uninterpretable clinical meanings of the newly 
generated variables. Nevertheless, when using machine learning methods to classify healthy 
and pathological gait, it is essential to know the contributions of gait variables to the accurate 
classification. Understanding the clinical meaning of the most contributing gait variables 
identified from a machine learning model could enhance the precision of clinical decision-making 
for gait deficits. Similar to all studies mentioned in this thesis, numerous studies have recently 
employed interpretable machine learning approaches to precisely detect gait impairment based 
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on data from wearable sensors, with accuracy around the range of 85% to 95% [38]. The 3D 
accelerometers calculated diverse gait variables including the dynamic gait outcomes used in 
Chapters 2 and 3, and the spatial-temporal gait variables used in Chapters 4 and 5; however, 
these interrelated gait variables from sensors are difficult for clinicians to directly evaluate human 
walking performance. Moreover, machine learning models such as SVM used in Chapter 2 can 
only provide the classification accuracy and validation scores. The detection of the contribution 
of each gait variable needed the combination of kernel PCA. In contrast, Chapter 2 also employed 
machine learning models with outstanding interpretation capabilities (RF and ANN), which are 
able to output the contribution of each input gait variable for clinical diagnosis of gait impairment.

A further point of consideration is that gait relates not only to motor function, as it is also an 
activity that requires attention and executive functions. Gait analysis is one of the most important 
approaches to understanding human biomechanics, aiming to quantify the factors that control 
lower limb function [15]. On the one hand, the causes of gait deficits may include sensory or 
executive declines, orthopedic issues or injury [39]. On the other hand, Chapters 3 and 4 
indicate that gait deficits were also associated with functional declines such as falls and cognitive 
impairment. Therefore, gait assessment can be used as one of the methods to effectively identify 
pathology underlying aging-related functional declines.

The results in this thesis reveal that the accurate machine learning classification model can 
classify different populations based on their gait performance, and determine the critical gait 
variables related to a specific classification purpose. In Chapter 2, three machine learning 
models successfully classified older and young adults based on differences in gait performance 
[11]. Likewise, geriatric patients suffering from cognitive impairment can be identified based 
on their impaired gait in combination with their performance of clinical assessments by using 
ANN classification model, as presented in Chapter 3. Moreover, neurological patients who 
experienced falls were revealed to have a slow and variable gait in Chapter 4 [40]. Other factors 
such as patient characteristics, frailty criteria, use of medicine and environmental effects will 
also cause aging-related functional declines [41], [42]. In Chapter 3, the ANN model also showed 
how geriatric patients with cognitive impairment suffered from the decay of mobility and high 
risk of mortality. The problem this thesis aims to solve is that manual analysis of the complex 
interrelations between these clinical factors and gait variables is an intricate and labour-intensive 
task for clinicians. Machine learning methods used in Chapter 3, such as ANN, can incorporate 
all these factors without any pre-processing procedures and correctly calculate their interrelations, 
thus providing an accurate classification performance with identifying the most clinically relevant 
factors (increased accuracy of 96%). Machine learning models can be used to monitor and screen 
for at-risk gait parameters, because the early detection of changes in gait parameters could help 
the risk for developing diseases [38]. An accurate early diagnosis of aging-related functional 
declines from gait impairment can prevent reduce the risk for developing mobility disability and 
reduce healthcare costs [43].

6
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THE LIMITATIONS OF USING MACHINE LEARNING IN CLINICAL 
APPLICATION

Machine learning algorithms were shown to achieve massive progress in clinical gait analysis in 
this thesis; however, the lack of transparency in machine learning models’ construction limits the 
repeatability and clinical interpretability of these advanced computing technologies. Explained 
in depth in Chapter 5, the “black box” feature of machine learning limits its clinical application. 
The most important reason for the demand for an interpretable model is that clinicians need to 
understand these specific gait variables to assist in the decision making process of diagnosis [44].

The machine learning models based on gait data proved very complex, making the construction 
of the classification model challenging to explain. Chapters 2 and 3 indicate that ANN can learn 
highly correlated non-linear relationships from a vast amount of gait data, and outperform humans 
in many related tasks. Still, their “black box” problem means they can only provide limited clinical 
information concerning the respective contributions of different variables (Chapters 2 and 3, [45]). 
In clinical gait analysis, machine learning models aim to improve gait rehabilitation according 
to accurate classification and prediction. Yet, for instance, the findings of Chapter 5 could not 
specify precisely how the gait variables that cause falls change before the event. Hence, it is 
impossible to use these invisible models to improve patients’ health at the current stage or prevent 
falls later. However, to assist clinical diagnosis and intervention, the machine learning models’ 
interpretability is rapidly developing. For example, the ANN algorithm would have the capacity 
to explain how neurons learn from gait data and how they communicate with each other to make 
the classification or prediction, thereby improving the model’s accuracy and interpretability. 
A final point to consider is that clinical data has often been incomplete, unbalanced and/or 
limited, whereas a valid machine learning model requires a lot of high-quality data to support 
its development. Therefore, an accurate, reliable and global model for clinical gait analysis 
among the heterogeneous population can only be attained through the continuation of research.

THE FUTURE OF MACHINE LEARNING IN GAIT ANALYSIS AND RE-
HABILITATION

The application of machine learning technologies has accelerated the development of the early 
diagnosis of aging-related disorders. Early identification and treatment are keys to reducing the 
suffering and financial cost of treatment for most diseases, and even potentially reversing the 
diagnosis. However, the classification performances of most studies in this thesis were not perfect, 
particularly in Chapters 2 and 4, and the “black box” problem was present in all studies. In order 
to diagnose geriatric diseases more accurately, in future research it is crucial that interpretable 
machine learning methods are used to determine the most prominent factors distinguishing 
standard from abnormal gait patterns in patients. In line with the proposal of the Keep Control 
project which is supporting the research of this thesis, the model’s input should contain 
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comprehensive factors related to body structures and functions, activities, participants, personal 
characteristics, and environmental effects. These factors are based on the five domains of the 
International Classification of Functioning, Disability and Health (ICF) model, which serves as 
a framework for describing and organising information on aging-related gait and balance deficits 
[46]. This model is also based on large population size and an algorithm that can automatically 
adjust parameters. Finally, the model is standardized so that it can be used for any patients with 
similar diseases [47]. Standardized gait analysis models can be applied to various health science 
fields, such as early prediction of diseases, evaluating the effectiveness of disease treatment, and 
controlling rehabilitation equipment to have the same natural gait as humans; machine learning 
would make a considerable contribution to achieving these goals. By analysing sensor-based gait 
data, machine learning methods provide portable, continuous monitoring and cost-effective 
solutions for gait analysis [48]. The development of machine learning models in gait analysis 
would require long-term data collection, patient status monitoring, feedback from treatment or 
rehabilitation, walking detection in indoor and outdoor environments and the inclusion of more 
comprehensive data to train and validate machine learning models. In the next step of the study, 
harmonization data collection across the entire Keep Control project network will be specifically 
responsible for the implementation of the domains described by the ICF model, and provide 
sufficient and diverse datasets for a comprehensive gait analysis and rehabilitation design. The 
machine learning models in development will assist clinicians in making an accurate early diagnosis 
and can help physiotherapists adapt their rehabilitation treatments to different situations [49].

The combination of machine learning and gait will be helpful for rehabilitation, exoskeleton design 
and clinical diagnosis [50], [51]. For example, in rehabilitation equipment such as the exoskeleton 
and walking aids, the system interacts with the dynamic environment and reinforcement learning 
can be used to develop various gait rehabilitation control strategies because it is better able to 
detect participants’ variability and automatically adjust according to each person’s specific needs 
[52]. Chapters 3 and 4 indicate that gait deficit was highly associated with falls or cognitive 
impairment. Gait rehabilitation can lead to gait recovery [53] and gait improvement [54], [55]. 
Thus, using machine learning to assist gait rehabilitation could aid patients whose function has 
declined due to neurological disease or injury, improve early diagnosis of cognitive impairment 
to reduce the risk for developing dementia and to experience a fall. The interaction between 
machine learning and movement biomechanics shows a great potential in gait analysis [56]. Their 
concerted use of data, algorithms, patterns and learning theories establishes visible models that 
can be applied to personal physical activity detection, disease detection, rehabilitation equipment 
control and more crucial functions. Simultaneously, the individual assistance of machine learning 
models can also save time by avoiding multiple patient visits to medical professionals and reducing 
the need for long-term treatment.

Overall, machine learning algorithms have more advanced computational capabilities than 
traditional statistical analysis to process high-dimensional and non-linear gait data structures, 
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and to identify the reliable gait changes from the vast amounts of data [57]. Another main focus is 
to overcome the nature of the “black box” of machine learning, make it applicable globally, build 
a bridge between visual gait analysis and interpretable machine learning models, and provide 
information to clinicians and patients to create personalized rehabilitation schemes.

CONCLUSION

In support of the hypothesis in this thesis, we found that machine learning approaches can 
accurately classify groups of individuals based on age and fall status using properties of gait. The 
success of classification was related to the idea that gait characteristics were used as inputs to 
the classification models, characteristics that differ between these groups. Considering geriatric 
patients with or without cognitive impairment present with many comorbidities, the combination 
of gait and clinical characteristics accurately classified these groups rather than inputting only 
gait or only clinical variables to the models. Gait data calculated from 3D-accelerometer signals 
includes dynamic gait outcomes and spatial-temporal gait variables, which were the input of 
machine learning classification models in Chapters 2 and 3 and Chapters 4 and 5, respectively. 
The critical variables extracted from gait that significantly contributes to the accuracy of 
models were sensitive indicators of aging (Chapter 2), cognitive declines (Chapter 3) and falls 
(Chapters 4, 5). These variables could eventually assist clinicians in diagnosing gait and cognitive 
impairments and screen patients for fall risk at an early stage. With the development of data 
science in clinical gait analysis, machine learning approaches make a considerable contribution 
to enhance rather than replace the efficiency of treatment for aging-related functional declines. 
An accurate gait classification model could enable early identification of the potential symptoms 
of geriatric disorders, helping to avoid the development of disorders such as dementia, stroke 
and Parkinson’s disease, and evaluate treatments. Future studies will incorporate multiple types 
of input data based on the ICF model rather than gait only, and will improve the reliability and 
interpretability of machine learning models so that it visibly and globally classifies or predicts the 
health status of individuals and is able to provide personalized treatment schemes for patients.
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