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ABSTRACT 

The increasing use of artificial intelligence in healthcare offers significant opportunities to 

improve patient outcomes and optimize clinical workflows. From the diversity of applications, 

machine learning continues to demonstrate its potential of use as an auxiliary diagnostic tool. 

It is used in the context of neurodegenerative diseases research, for tasks such as speech and 

handwriting analysis, gait impairment studies using sensor data, and to discover new potential 

pharmacotherapies. Parkinson’s disease and atypical parkinsonism are two classes of 

neurodegenerative pathologies that present significant challenges in differential diagnosis 

and require distinct management strategies. Distinguishing them early allows for a better 

prognosis by targeting the specific characteristics of each disease. Despite the advancements 

in machine learning research applied to Parkinson’s, there is a gap in studies that specifically 

address the binary classification between the two classes, which is the focus of this thesis. This 

research can serve as a starting point to the development of a complementary tool to assist 

practitioners with early differential diagnosis, using data from standardised clinical 

assessments. A comprehensive experimental design was implemented, using six machine 

learning classifiers. One of the tested implementations accounts for strategies to address class 

imbalance and small sample size. The objectives were to analyse and identify the best-

performing model, and to determine which features impact classification the most. The 

results, when accounted for F1-score macro, indicate that extreme gradient boosting and 

random forest achieved the highest scores. Statistical testing revealed no significant 

difference in performance between these two models. When balanced accuracy was 

considered, logistic regression, support vector classifier and extreme gradient boosting 

achieved the highest scores and also presented no statistically significant differences in 

performance. Although the performance metrics were not as good as expected, the best 

models achieved scores ranging from 0.55 to 0.62 for both F1-score macro and balanced 

accuracy. This research is a foundation for the classification task of recognizing each disease. 

Additionally, model interpretability was explored using Shapley additive explanations. The 

feature “mds_updrs_pIII” was found to be the most influential in distinguishing between the 

two conditions, followed by the “Age”. These insights can inform future scientific research. 

Despite limitations in data quality and sample size, this work provides a stable methodology 

for future studies with richer datasets, more features, and alternative modelling approaches. 

Ultimately, this research emphasises the value of interdisciplinary collaboration and how both 

positive and negative results contribute to scientific progress. 
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1. Introduction 

1.1. AI IN HEALTHCARE 

The exponential growth of Artificial Intelligence (AI) innovations in recent years has been 

evident across all sectors, and the healthcare domain is no exception (Hirani et al., 2024). The 

diversity of solutions covers all levels of complexity. These range from predicting the 

recurrence of emergency room visits and computer-aided diagnosis software, to entering the 

area of computer vision and large language models. The impact is undeniable, and the goal is 

to keep improving the patient outcomes and redistribute the workload of healthcare workers 

(Khan & Sherani, 2025). However, due to the rigorous legislation and ethical concerns 

surrounding human health matters, the development of such innovations takes more time 

than in other sectors (Mohsin Khan et al., 2025). Bearing this in mind, the aspiration of this 

thesis is to take a small first step towards developing an auxiliary diagnostic tool. 

 

1.2. PARKINSON’S DISEASE AND ATYPICAL PARKINSONISM 

According to the Global Burden of Disease in 2021, neurological diseases had a global 

prevalence of more than 2 870 million cases, including more than 11 million cases of 

Parkinson’s Disease (PD) (University of Washington, 2024). In recent years, there has been an 

increase in prevalence, which goes hand in hand with the increase in life expectancy (J. Zhang 

et al., 2024). As a result, the economic burden of this disease is quite significant, and increases 

substantially with the progression of the disease (Chaudhuri et al., 2024). 

Atypical Parkinsonism (AP) presents some similarities with PD, but its distinction is important 

to a proper disease management and prognostic value (Li et al., 2024). As the results on the 

most recent advancements do not yet demonstrate clinical and academic agreement, both 

diseases are still diagnosed based on clinical features (Munhoz et al., 2024; Virameteekul et 

al., 2023). Two of the most relevant ones are the duration of symptoms and its rapid 

progression, and the poor response to levodopa, that is common therapeutic drug for PD 

symptom management (Cardoso et al., 2024). 

 

1.3. MACHINE LEARNING IN NEURODEGENERATIVE DISEASES 

The application of Machine Learning (ML) models dedicated to developments in the field of 

neurology and neurodegenerative diseases has been increasing over the past years. And 

regarding PD, there are several approaches dedicated to different aspects of the disease 

(Gupta et al., 2023). These include tasks such as analysing speech (Devarajan et al., 2023) and 

handwriting for early diagnosis (Kamran et al., 2021; Thomas et al., 2017), studying gait 

impairments (Pogrzeba et al., 2019) with sensor data (Facciorusso et al., 2023), and 
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accelerating the process of discovering new pharmacological therapies (Dara et al., 2022; 

Visanji et al., 2021). These studies and similar others reflect an important impact on what is 

known about PD and other neurodegenerative diseases, with some even offering new tools 

to assist the medical practitioners on the early identification of PD distinctive clinical features. 

 

1.4. MOTIVATION AND OBJECTIVES 

As in any other health-related work, the motivation behind this project is clear: to improve 

patient outcomes, in this case by using ML techniques. As there is currently no known cure for 

either PD or AP, the early distinction allows for a more targeted disease management, with 

the aim of improving the patients’ quality of life (Lee & Yankee, 2022). 

Regarding the research gap, during the literature review, which focused on studies using ML 

on data from patients with neurodegenerative disorders, no study was found that focused on 

the distinction between patients with PD (PwPD) and patients with AP (PwAP) using 

rehabilitation data (physiotherapy, nursing, neuropsychology, speech therapy and others). 

Based on this specific data, two research objectives have been formulated. One is to 

determine a ML model that best classifies whether a patient has PD or APD. The second if to 

identify which features have the most influence on the previous classification. 

One of the expected results is to find a model with robust performance metrics on the binary 

classification of distinguishing PD from AP. With a high performing model, it is possible to aim 

for future research and development of an auxiliary tool for clinicians. This would also benefit 

the patients by improving their quality of life, as diagnosis would be faster, consequently 

improving the disease management outcomes. Another expected result is to identify the 

features that most impact the models’ classification, which allow for better interpretation of 

the results and potentially leading to new clinical research focused on those features. 

 

1.5. DOCUMENT STRUCTURE 

This thesis is organized into six chapters. The current Chapter 1 provides an introduction to 

this project and an overview of the thesis. Chapter 2 presents the background concepts to 

provide proper contextualisation of all the subjects explored. Chapter 3 reviews the scientific 

literature and studies on similar topics and supports the identification of the research gap. 

Chapter 4 details the methodological approach to each of the proposed objectives, providing 

comprehensive information on every step of the project, from initial data access to the final 

model implementation. Chapter 5 presents the results and scrutinises them to ensure correct 

interpretation, comparing different models and performance metrics while conducting 

statistical testing. Chapter 6 concludes the answers to the research objectives based on the 

data from the previous chapter and explores the limitations of this study while promoting new 

ideas for future research. 
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2. Background 

2.1. MACHINE LEARNING CONCEPTS 

Machine Learning (ML) can be defined as a subfield or branch of Artificial Intelligence (AI), 

although it is also its own interdisciplinary field, as encompasses knowledge from other 

domains such as mathematics and statistics (Shalev-Shwartz & Ben-David, 2014). The 

objective of ML is to develop programs that successfully learn to solve complex tasks (Mitchell, 

1997). The developments of ML in the healthcare sector have been growing exponentially, 

and some even surpass the capacities of highly experienced professionals (Topol, 2019). 

However, these advancements are decelerating since it takes time to develop these tools 

according to the most rigorous protocols of the health industry (Krones et al., 2025). 

As in any field of research, some common guidelines are needed to achieve reproducible 

results. In this project, the selected framework to deal with the data is the Cross Industry 

Standard Process for Data Mining (CRISP-DM), and the structure of this iterative process is set 

up by six phases (Figure 1).  

 

Figure 1 - Phases of the CRISP-DM Process Model for Data Mining (Wirth & Hipp, 2000) 

 

The main paper on this process states that each phase has its own tasks and outputs (Wirth & 

Hipp, 2000). While other studies provide recommendations on how to break down each phase 

into a list of tasks and expected outputs (Schröer et al., 2021). 

For this project, six ML models were experimented, based on similar procedures found in the 

literature. Five out of the six models are tested with the scikit-learn implementation, and only 

the XGBoost has its own library. Logistic Regression (LR) was selected as a baseline approach. 

It is a statistical model that is implemented as a supervised ML algorithm for classification 

tasks (Matloff, 2017), using the scikit-learn implementation (scikit-learn: LR, 2025). The LR has 

the advantages of its computational efficiency and interpretability, hence defining it as the 

baseline for comparison of the other models. 
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The following model is Naïve Bayes (NB) (scikit-learn: NB, 2025). This model applies the Bayes’ 

theorem, but with the ‘naïve’ assumption of conditional independence of every pair of 

features (H. Zhang, 2004). Although its apparent simplicity, it has achieved good performance 

in real-life tasks, and its use is reported in similar literature. Another model is the Random 

Forest Classifier (RF) (scikit-learn: RF, 2025), which is a combination of tree predictors fitted 

on subsamples of the dataset and they are more robust to overfitting (Breiman, 2001). 

Other model is the Multi-layer Perceptron (MLP) (scikit-learn: MLP, 2025). It is a feedforward 

artificial neural network (ANN) trained using backpropagation, suitable for complex 

classification tasks (Kruse et al., 2022). While Support Vector Classification (SVC)  (scikit-learn: 

SCV, 2025) is the fifth selected model, that tends to find an optimal hyperplane to separate 

the classes with a maximum margin, although it is appropriate for high-dimensional spaces, it 

still reports good performance on smaller sets (Chang & Lin, 2011). 

The final experimented model is the eXtreme Gradient Boosting (XGB) under its Python library 

implementation (eXtreme Gradient Boosting, 2025). The XGB is used in a diversity of problems 

since it is an optimized version of a scalable tree boosting system (Chen & Guestrin, 2016). 

The metrics selected to evaluate the models are balanced accuracy (BAcc) (scikit-learn: bacc, 

2025) and macro F1-score (F1M) (scikit-learn: f1, 2025), since they are suitable to deal with 

imbalanced datasets (Diallo et al., 2025). The BAcc provides a fair estimation of the model 

performance, as it mitigates the biases caused by class imbalance, since it considers specificity 

and sensitivity (Brodersen et al., 2010). The F1M balances precision and recall measures 

independently for each label, and the macro component allocates an equal weight to each 

class (regardless of the number of cases in each class) (Hinojosa Lee et al., 2024). For academic 

purposes, the weighted F1-score was also observed in some cases, because it was reported 

on some of the articles reviewed. This calculates the metrics for each class and averages them, 

accounting for the imbalance, but as a result it gives less importance to the minority class. 

Regarding statistical testing to determine the best models, Friedman test is used to identify 

any differences between the six models tested. It is a non-parametric test applied to compare 

multiple models, across different cross-validation (cv) folds (Liu & Xu, 2022). If the Friedman 

test rejects the null hypothesis (H0: There is no significant difference in performance between 

the models), then a post-hoc analysis needs to be conducted (Benavoli et al., 2016). This 

analysis can be done using different tests such as the Wilcoxon tests with Bonferroni or Holm 

corrections, or the Nemenyi test (Pereira et al., 2015). The selection of one of these tests will 

depend on the researcher focus regarding error interpretation.  

As for the evaluation of feature importance on the best model, Shapley Additive Explanations 

(SHAP) (SHAP, 2025) is a method for interpreting ML models by quantifying the contribution 

of each feature to a specific prediction. It helps to define an interpretable approximation of 

the complex models, and works as a unified measure of feature importance (García & Herrera, 

2008; Lundberg & Lee, 2017). 
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2.2. HEALTH, DISEASE AND REHABILITATION CONCEPTS 

PD is a progressive neurodegenerative disorder, characterized by four main features: tremor 

at rest, rigidity, akinesia and postural instability (Jankovic, 2008). The clinical diagnosis of PD 

is centred on these defined motor syndromes since its original description. However, 

diagnostic certainty is not possible during life, as the gold-standard for PD diagnosis is through 

analysing post-mortem brain tissue (Postuma et al., 2015). Over the years, some non-motor 

features have been described in the literature (Smith et al., 2021) and it has been helpful to 

improve the neurologists clinical expertise in determining PD diagnoses. Typically, PD is 

diagnosed on older patients, but when patients are under 50 years old, it is diagnosed as an 

early-onset Parkinson’s disease (EOPD) as it has different characteristics and prognosis 

(Mehanna et al., 2022). 

Atypical Parkinsonian disorders (APD) refer to a heterogeneous group of progressive diseases. 

These include conditions such as: corticobasal degeneration (CD), dementia with Lewy bodies 

(DLB), multiple system atrophy (MSA) and progressive supranuclear palsy (PSP) (Höglinger et 

al., 2017).  In the context of this project, these will be referred to as AP (atypical parkinsonism). 

The differential diagnosis between AP and PD is a challenging task, as they share common 

symptoms and characteristics, such as bradykinesia (Bologna et al., 2023). Therefore, the 

majority of diagnoses change over time as some symptoms become more noticeable than 

others (Deutschländer et al., 2018). Some of the possible differences are the duration of the 

disease and the response to levodopa (Grażyńska et al., 2020). 

As there is no cure for any of these pathologies, the rehabilitation approach and disease 

management have a greater impact on patients’ quality of life (Lee & Yankee, 2022). Physical 

examinations and assessments of motor and non-motor functions are carried out by 

professionals from various domains, including physiotherapy, occupational therapy, nursing 

and neurology. Throughout the literature, certain assessment names appeared more 

frequently as features used to train ML models. Some of these are: MDS-UPDRS the acronym 

for movement disorder society – unified Parkinson’s disease rating scale (Goetz et al., 2008); 

sit-to-stand (Derby Hospitals NHS Foundation Trust, 2003); MMSE: mini-mental state 

examination (Tombaugh & McIntyre, 1992); HY: Hoehn and Yahr scale (Martinez-Martin et al., 

2018); MoCA: Montreal cognitive assessment (Nasreddine et al., 2005); and timed up and go 

(Keus et al., 2014). 
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3. Literature Review 

3.1. LITERATURE SEARCH AND SELECTION METHODS 

Considering that the available dataset mainly contains data relating to rehabilitative 

physiotherapy assessments of patients with Parkinson’s disease (PwPD) and patients with 

atypical parkinsonism (PwAP), the literature search began with a very specific query. 

In January of 2025, Scopus database was checked using the following query:  

(TITLE-ABS-KEY ("parkinson" OR "parkinson's" OR parkinsonian OR parkinsonism) OR TITLE-

ABS-KEY (neurodegenerative) AND TITLE-ABS-KEY ("artificial intelligence" OR "machine 

learning" OR "deep learning") AND TITLE-ABS-KEY (physiotherapy OR "physical therapy" OR 

rehabilitation OR rehab)) 

This resulted in finding 278 documents. The results were selected by reading the title and the 

available abstract. If the content seemed relevant to this thesis, the reference was exported 

to Zotero (reference manager), resulting in a library of 57 items (articles, reviews and 

conference papers). From there, each article was skimmed through, and relevant information 

was noted on a broad literature review table for ease of organisation. In the process of reading 

the full articles, 45 new relevant references were found, mainly from citations in reviews. In 

terms of exclusion criteria, documents written in a language other than English or Portuguese 

were not included, nor were articles that cannot be accessed through the Sophos Connect 

NOVA IMS VPN. 

 

3.2. DIVERSITY OF MACHINE LEARNING APPLICATIONS FOR PARKINSON’S DISEASE 

The variety of ML models dedicated to different aspects of PD includes tasks such as speech 

and handwriting analysis for early diagnosis, measuring gait impairment using motion and 

sensor data, and speeding up the process of discovering new therapeutic drugs (Gupta et al., 

2023). 

Devarajan et al. (2023) point out the importance of how an ML approach can work as a data-

driven assistant in the medical field, not aiming to replace the clinicians, but to reduce the 

diagnostic errors. They used voice data and tested artificial neural networks (ANN), support 

vector machine (SVM), decision tree (DT) and random forest (RF). Since their study was 

designed to obtain a model with diagnostic performance, they developed some hybrid 

ensembles, the best of which was the RF-ANN, with a sensitivity of 98.15%. 

Although it is not included as a diagnostic criterion for PD, the decline of handwriting abilities 

is often observed (Thomas et al., 2017). The work of Kamran et al. (2021) presents an approach 

using handwriting samples of PwPD for early diagnosis. They use deep transfer learning 

methods (AlexNet, GoogleNet, VGG-16, VGG-19, ResNet50 and ResNet101) combined with 
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data augmentation techniques to achieve the best results. However, it is suggested to improve 

the models by adding clinical features to the data. 

On the molecular design and therapeutics side, ML accelerates the discovery process (Dara et 

al., 2022). The work of Visanji et al. (2021) used ML to predict which of the existing drugs 

would have a specific effect on a known disease pathway of PD. 

In terms of gait assessment parameters, these range from qualitative and quantitative 

questionnaires administered by professionals with some degree of subjectivity (Pogrzeba et 

al., 2019), to calibrated quantitative data recorded by sensors. These wearable medical 

devices can generate immense amounts of new data, which are extremely useful for 

improving ML algorithms towards personalised rehabilitation solutions and earlier diagnosis 

(Facciorusso et al., 2023). 

Russo et al. (2024) used kinetic sensor data and supervised ML to identify gait features in mild 

cognitive impairment (MCI) in PD. This study consisted of using data without a healthy control 

(HC) group, as they concluded it might make the differences between the two groups (PwPD 

with MCI and PwPD without MCI) clearer. They experimented with seven ML classifiers: DT, 

RF, gradient boosted tree, SVM, k-Nearest Neighbours (kNN), linear discriminant analysis 

(LDA) and Naïve-Bayes (NB), and the tree-based algorithms achieved the higher metrics. 

 

3.3. RELATED RESEARCH 

Bearing in mind the objectives of this thesis: to find an ML model that is able to classify 

subjects between suffering from PD or APD and to identify which features have the most 

impact on this distinction. This subchapter will focus on articles with similar projects, or at 

least with some common approaches and metrics for comparison, as summarized on Table 1. 
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Table 1 - Literature Review 

Author Year Title Objectives and Conclusions Data and size Models Best model and metrics 

D. Jacob, et 

al. 
2022 

Assessing Early-stage 

Parkinson’s Disease Using 

BioVRSera 

To predict using ML, based on 

experimental measurements, whether 

a subject belonged to healthy or 

Parkinson’s group and extract most 

important features. Prototype of 

quantitative evaluation of early-stage 

Parkinson’s. 

Electromyography (EMG); 

Heart Rate (HR); Centre of 

Pressure (CoP) features. 

11 early-stage PwP 

(patients with Parkinson’s) 

+ 46 HC (healthy control) 

Tree Medium; Logistic 

Regression (LogReg); 

Gaussian Naïve Bayes; 

Weighted kNN; 

Subspace Discriminant; 

Medium Neural 

Network 

Weighted kNN and Medium 

NN – both with 94.6% 

accuracy 

J. 

Templeton, 

et al. 

2022 

Classification of Parkinson’s 

disease and its stages using 

machine learning 

Classification of disease stage (early vs 

advanced). To help increase efficacy for 

diagnostic and rehabilitative purposes. 

Neurocognitive functional 

tests, functional movement 

assessments and 

standardized health 

questionnaires. 

50 PwP + 25 HC 

Classification and 

Regression Tree (CART) 

Mean value of both classes 

for each metric (accuracy, 

precision, recall), evaluated 

per type of assessment 

(table 3). 

V. 

Tsakanikas, 

et al. 

2023 

Evaluating Gait Impairment 

in Parkinson’s Disease from 

Instrumental Insole and IMU 

Sensor Data 

Identify the capacity of different sensor 

features to train ML models to predict 

gait impairment (binary). 

Insole and IMU sensor 

(kinematic) data on 5 

specialized tests. 

19 PwP 

Support Vector 

Machine (SVM), 

Random Forest (RF), 

Gradient Boosting, 

AdaBoost 

SVM outperformed the other 

models in all three analyses, 

considering AUC. Other 

metrics: accuracy, F1-Score, 

precision, recall 

Y. Han, et 

al. 
2023 

Automatic Assessments of 

Parkinsonian Gait with 

Wearable Sensors for Human 

Assistive Systems 

To objectively assess gait task in UPDRS 

with wearable sensors data, using ML. 

IMU data: 12 gait features, 

3 spatial-temporal features, 

9 kinematics features. 

25 PwP + 28 HC 

Proposed nonlinear 

model, SVM, Naïve 

Bayes (NB), Multiple 

Linear Regression. 

Proposed nonlinear model 

shows higher accuracy 
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Based on the study of Jacob et al. (2022), a group of 46 healthy individuals and 11 early-stage 

PwP was used. The data collected from this group gathers Centre of Pressure (or sway) 

characteristics and the neurophysiological attributes of electromyography and heart rate 

while they experience the BioVRSea - a virtual reality experiment set up. Their goal was to 

efficiently use an ML algorithm to predict whether a subject undergoing this experiment is 

healthy or suffers from PD. Although they refer the small dataset of 11 PwP as a limitation, 

they sought to identify the features that distinguish the two groups, in the hope of providing 

new insights into targeted rehabilitation and early diagnosis. In the end, Jacob et al. concluded 

that the participants’ physiological response was different between the two groups and the 

best performing ML models were weighted-kNN and medium NN, both with an accuracy of 

94.6% in distinguishing between the two groups of individuals. 

Templeton et al. (2022) present a paper on the stage classification of PD, with the aim of using 

supervised ML classification algorithms to experiment with new features collected from digital 

neurocognitive assessments. Due to small number of participants (50 PwP + 25 HC), data from 

self-reported metrics and clinically relevant functional movement analysis were also added to 

the process in the hope of identifying objective features for both disease and stage 

classification. The model used for this study was the Classification and Regression Tree (CART), 

which achieved accuracies between 76.32% and 100% for the classification of PwP and HC; 

and accuracies between 68.42% and 89.47% for the staging classification (adapted from 5 

levels of the Hoehn and Yahr scale to two stages: early and advanced).  Finally, they point out 

the importance of experimenting with additional ML (such as kNN, DT, LogReg, RF), since PD 

is a disease for which personalized treatment makes sense. 

In the paper of Tsakanikas et al. (2023) the use of ML methods focused on the assessment of 

gait impairment using objective sensor data (insole and kinematic IMU). First, they explored 

the correlation between the features to identify the training capability for the later ML model. 

Then, for the binary classification task, four ML models (SVM, RF, GB, AdaBoost) were tested, 

each with three sub-analyses corresponding to the different feature sets. This study 

concluded, based on the AUC values, that SVM outperformed the other models in all three 

analyses. To complete the objectives, they used Shapley Additive Explanations (SHAP) to 

evaluate the importance of each feature to the prediction output. 

Although the UPDRS is a standard clinical evaluation tool for PwPD, consisting of five levels 

reflecting the gait task scores, it is a type of assessment that leaves some subjectivity to the 

experience of the neurologist. Thus, Han et al. (2023) propose an objective and automatic 

assessment of gait in PwPD using data from wearable sensors. They consider the analysis of 

24 features (9 kinematic, 3 spatio-temporal and 12 gait) extracted from IMUs. They propose a 

novel nonlinear model to obtain the level of gait task (UPDRS) but from the sensor features, 

which accurately rates 84.9% of the subjects. This result is better than the other ML algorithms 

tested (SVM, NB, Linear Regression), although the dataset is from a small sample of 25 PwPD 

and 28 HC. 
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By last, a paper based on a public dataset, where Khamparia et al. (2024) investigate whether 

it is possible to distinguish typical walking patterns from a gait brain disorder. The Daphnet 

Freezing of Gait Dataset (Daniel Roggen, 2010) is of medium size when compared to the 

previous literature discussed, it has 9 attributes and 237 rows, referring to sensor data of the 

IMU obtained during rehabilitation. Although this article mentions several objectives, the 

most relevant one is to evaluate the performance of the seven ML models experimented 

(LogReg, SVM, RF, DT, kNN, NB and Perceptron). Among these models, some dimensionality 

reduction techniques were applied to evaluate their impact on the models’ results, with kNN 

and RF being the ones that achieved higher metrics (accuracy, precision, recall, F1-score).  
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4. Methodology 

4.1. DATA ACCESS 

The data used for this project is considered secondary data as it was not collected for the 

purpose of this study. The data was provided by a healthcare institution that stores patient 

assessment data relating to neuropsychology, nursing, nutrition, occupational therapy, 

physiotherapy and speech therapy.  

This project starts with one dataset containing anonymised data that is compliant with the 

General Data Protection Regulation (GDPR), as the patients have signed an informed consent 

form allowing their anonymised data to be used for research purposes. Approval was also 

required from the NOVA IMS Ethics Committee, details of which are available in Appendix A. 

 

4.2. TOOLS 

Python was chosen as the programming language (Python, 2024) to work with this data, using 

the Visual Studio Code Integrated Development Environment (Microsoft, 2025), which 

facilitates the use of several libraries. These include NumPy (Harris et al., 2020; NumPy, 2025), 

pandas (McKinney, 2010; Pandas, 2024) and Matplotlib (Hunter, 2007; Matplotlib, 2025) 

which are dedicated to data exploration and visualisation, and Scikit-Learn (Pedregosa et al., 

2011; Scikit Learn, 2025) was used to implement and evaluate the models. Microsoft Excel 

(Microsoft Corporation, 2025) was also used to handle some of the intermediate files in either 

.csv or .xlsx format. To deal with the feature importance, SHAP values (SHAP, 2025), will be 

used to explain some of the outputs. 

Regarding AI tools, GitHub Copilot (2025) was used as an assistant tool for code development, 

applied with moderation and cognizance for any ethical concerns. To assist with the writing 

process, including translating words and rewriting some sentences, the free versions of DeepL 

Translate and DeepL Write were used (DeepL, 2025). 

 

4.3. CROSS-INDUSTRY STANDARD PROCESS 

CRISP-DM is a well-known methodological framework and was described in Chapter 2. In this 

section, each stage is contextualised within the scope of this project. It should be noted that 

this process is iterative, as seen earlier on Figure 1. 
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4.3.1. BUSINESS UNDERSTANDING 

As previously referred in 2.2. Health, disease and rehabilitation concepts, PD is a complex 

disease to diagnose, also because the clinical criteria used by the neurologists has some 

subjective parameters (the interpretation of the evaluation scales tend to be dependent on 

each practitioner experience). In most cases, the distinction between PD and AP is made based 

on the rapid progression of the symptoms and how the patient responds to the usual 

medications. However, the earlier this distinction is detected, the better the outcome for the 

patient, as more effective therapeutic and rehabilitation interventions can be designed. 

Therefore, the main objective of this thesis is to search for an ML approach, a binary 

classification model, that can distinguish between PwPD and PwAP, based on rehabilitation 

(physiotherapy, neuropsychology and others) assessments. At a later stage, after obtaining a 

robust model, the aim is to identify which of the features contribute the most to this 

classification. The data used in this project originates from a private dataset from routine 

assessments performed at a medical institution. 

 

4.3.2. DATA UNDERSTANDING 

The data available for this project was provided on a comma-separated values (.csv) file. This 

dataset (named DPF) started with 44 917 records from 3 763 patients and contains 5 471 

features. These features contain demographic information (age, gender, date of assessment), 

clinical information (diagnosis, date of diagnosis, records of other exams, pharmacologic 

therapy) and every possible answer to each one of the questionnaires from all areas of the 

facility (nursing, speech therapy, physiotherapy, etc.). Many of these last features (possible 

answers) were extracted in a similar way of a one-hot encoding which explains the high 

number of features (but with extremely sparse information). Before any further exploration 

on the variables, 4 301 duplicated records were removed. 

 

FEATURES 

Since there was no feature dictionary available to interpret and understand all the variables, 

the first approach to the selection was to get a features list. Although there was no dictionary, 

the institution provided a concise list of the protocol assessments done for both AP and PD 

patients, from which the keywords of Table 2 were extracted. Then, based on the knowledge 

acquired during the literature review and the keywords related to the context of this project, 

the list of features was screened. This selection task consisted in reading each of the variables 

label and try to understand its meaning (sometimes it was difficult to determine whether the 

answer belonged to the same questionnaire or was the start of a different one; other times, 

erratic characters made the text illegible). Then, if it was related to the project or reported in 

the literature (such as age, gender, area of assessment, number of hospitalizations) it was 
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included. Another consideration was to select features that contained any of the keywords 

mentioned on Table 2 (even if the remaining text was not perceptible). After all this lengthy 

process, 93 features remained (and 5 378 were excluded). 

 

Table 2 - List of keywords used to select the variables 

Keywords list 

patient; cgi; clinical global impression; pharmacological therapies; esas; edmonton symptom 
assessment system; mds-updrs; mmse; mini mental state examination; moca; montreal cognitive 

assessment; n-fog; new freezing of gait; nine-hole peg test; pgi; patient global impression; hy; 
hoehn and yahr; se; schwab and england; who; world health organization; whodas; who disability 

assessment schedule 

 

TARGET 

Regarding the target feature “diagnosis”, it was another complex variable to work with. In the 

records, it is possible to find cases as the following examples: ‘diagnosis_’; ‘diagnosis_dd-mm-

yyyy’; ‘diagnosis1_, diagnosis2_mm-yyyy’; ‘diagnosis_yyyy’; some diagnoses are in 

Portuguese, others in English and even for the same diagnosis there are different words. The 

first step on these inconsistencies was to keep only the records with diagnosis of interest, by 

selecting the rows that contained any of the keywords: [Parkinson, atypical, corticobasal, 

Lewy, system, supranuclear].  This step removed 17 465 rows and left 23 151. Then on another 

reading exploration of the dataset, it was found too many cases of Vascular Parkinsonism that 

is not a diagnosis of interest. So, all the rows that had the word vascular were removed, 

accepting that it might be dropping some complex cases of interest out of the 1594 rows 

removed. 

Since the reality is not as clear as one patient exclusively having PD or AP. Some patients have 

other concomitant diagnoses (such as a previous stroke, dementia, neoplasms, etc.), the 

diagnosis of these patients will be designated as Parkinsons_cx or AP_cx (cx: complex 

diagnosis). Other patients have been first diagnosed with PD and later with AP, due to its 

sudden rapid progression or other evaluation criteria. These cases will be excluded since the 

date of each diagnose is not always mentioned, and the date of the corresponding assessment 

is also not identifiable. However, it is remarked the relevance of this corrected data for future 

research on prognosis. The records where the diagnosis was only PD or AP were kept as 

Parkinsons_b or AP_b (b: basic). 

The final step to deal with the target inconsistency, was to export the dataset into an Excel 

file, order the diagnoses alphabetically, and rename them in batches. This step allowed to 

verify the quality of the selection and identify some details to solve. There were more records 

deleted: 262 because the search by Parkinson also identified different kinds of parkinsonism 

outside the scope of the project, and 484 had both PD and AP diagnosis. 
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This raw dataset demanded an exhaustive data understanding, which was crucial for a proper 

contextualisation into the data, and to prepare it for the following developments. When 

reaching the end of this step, the date of birth feature was replaced by age (to avoid concerns 

about identifiable patterns on the anonymous data), which led to the loss of 262 records due 

to missing values on date of birth. 

 

4.3.3. DATA PREPARATION 

This subchapter details the iterative process of the steps between exploratory data analysis 

and preprocessing in this project, including the reasoning behind the decisions made. 

Starting from the handled dataset of the previous subchapter, which had 20 549 records and 

93 features. The decision to drop the records missing a date of birth, was based on the 

relevance of the age feature. Although there are well-known and reliable ways for handling 

missing values, this project aims to avoid introducing any underlying bias when doing so. 

About the target feature (“diagnosis”), with the changes done until now, there are 882 unique 

patients, that translate into the following number of records for each diagnosis: 14 152 

(Parkinsons_b); 5 546 (AP_b); 535 (Parkinsons_cx); 316 (AP_cx). Even though the dataset is 

not yet ready to use, it is possible to anticipate that it is unbalanced and there will be a need 

to use techniques to mitigate the target imbalance and to wisely choose evaluation metrics 

that consider this imbalance. 

 

FEATURES 

To perform the exploration of the 93 features, they were divided into 13 categories: Global, 

CGI, PGI, PhT, ESAS, mini-BEST, MMSE, MoCA, N-FoG, 9HPT, MDS-UPDRS, S&E, WHO. In the 

light of the amounts of missing data found, it is worth remembering that these features were 

initially selected based solely on their description and potential relevance to the project. 

Starting with 15 Global features: “Pt_ID”, “Age”, “Diagnosis”, “Area”, “Battery”, 

“Assessment”, “Date”, “Period”, “Applicable”, “#_hospitalization”, “Score”, “Question”, 

“Aborted”, “Gender”, “HY_score”. 

The patient code (“Pt_ID”) which is an anonymized and random number, allows to keep track 

of how many unique patients are there, it does not have any missing values, and will be 

dropped later. The “Age” feature has no missing values and ranges from 1 to 106 years old as 

seen on Figure 2. Considering that the diagnosis of PD in patients under 50 years is considered 

as EOPD (a diagnosis with different characteristics) and that the infants may be due to an 

incorrect date of birth, these 184 records were dropped. Then, it was used the Interquartile 

Range (IQR) to determine the bounds for the outliers, which were 55.5 and 99.5 years old, 

which led to more 179 rows being deleted. There were 20 186 records left. 
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Figure 2 - Feature "Age" distribution on DPF dataset. 

 

The “Diagnosis” was considered inside the Global category, however, due to it being the target 

variable, its analysis was repeated in the end of the process. 

As for the “Area”, its values refer to which sector has done the assessment, and it has 14 785 

values (marked as ‘missing’). “Battery” feature has a similar issue, with 14 960 (‘missing’) 

values and the remaining ones refer to the sector and condition (‘admission’ or ‘discharge’). 

The “Assessment” feature is the one to keep for now, as it has more information than the 

previous two (provides the name and type of questionnaire or evaluation) and has no missing 

values nor values listed as ‘missing’. 

Referring to the “Date”, “Period”, and “Applicable” features, they do not have missing values 

but have more than 50% of its values filled as ‘aborted’, ‘missing’, invalid date’, ‘na’ or ‘__’.  A 

similar situation when exploring “#_hospitalization” where 73% of its values are ‘__’ which 

can either be a missing value or the absence of hospitalization. “Score” has 5327 missing 

values (‘NaN’) and only have values of ‘na’ or ‘aborted’. “Question” also has 73% of ‘__’ values, 

and the remaining values are difficult to relate to the project. Finally, the features “Aborted”, 

“Gender” and “HY_score” only present inconclusive values of ‘0’, ‘__’, ‘true’, ‘True’, ‘false’, 

‘False’ and missing values (‘NaN’).  

Based on the Global features, it was possible to observe cases with several records for the 

same patient, on the same date, on the same battery, but with a different assessment and 

subsequently different values in the following features. However, due to incongruencies in 

the date formats (including missing values), it was decided that instead of merging these 

observations (which potentially had incorrect dates), each record would be used as a unique 

patient. To better support this decision, it is important to remember that the duration in time 

is a major point in the decision between AP and PD and would be beneficial to have a model 

that investigates other critical features. Besides, a patient can have the first appointment and 

assessment records in any time-point of either the diseases (PD or AP), so the unknow 

diversity of disease progression could make the classification algorithm to have a broader 

applicability. 
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Continuing with the CGI category, out of 8 features, 5 were dropped because all the values 

were ‘__’, ‘missing’, ‘mam’ or ‘na’. The 3 features that remained have some filled scores (on 

the correct scale from 1-5), although most of the values are ‘__’. However, they might be 

worth keeping, if a merging approach of the rows comes to be tested later. The PGI features 

have a quite similar exploration to the CGI ones. From 14 initial features, only 3 have been 

kept and the reasoning was the same. As for the PhT features, none of the pharmacological 

therapies variables was kept, because they only contained ‘0’, ‘__’, ‘mam’, and ‘missing’. 

Regarding the ESAS, 5 out of 6 features had too many values missing (the same ones as 

represented before) and only 1 feature was kept. The same happened in mini-BEST, MMSE, 

MoCA and N-FoG grouped features, were each category had 3 features, and only 1 per 

category has remained. On the 9HPT there were 3 features, and none was selected due to the 

missing values. 

The MDS-UPDRS category has the 21 features with the most potential, since 14 of them were 

selected to be kept on the dataset. The remaining were dropped due to values missing, non-

relevant data or the data being too unbalanced to be handled. On S&E features only 1 feature 

was selected, and 6 features were dropped for the same reasons as before. Finally, on WHO 

category, none of the 4 features had enough valid data to work with. 

After this exploration, 60 features were dropped, 33 remain and are ready to a deeper level 

of exploration and preprocessing. At this step, an .xlsx file was exported to open on Excel and 

visualize the data coherence of the current DPF dataset. 

 

PREPROCESSING 

Although there have been previous steps that are considered as preprocessing, this data has 

needed such a great amount of iterative work around it, that this approach of splitting the 

steps may be easier to interpret or reproduce. 

On the observation of the Excel file, it was easily noticed that a considerable number of rows, 

from the feature “Date” onwards, were exclusively filled with ‘__’, mainly the ones where 

“Date” had the ‘aborted’ value. On other features there were many ‘mam’ and ‘na’. And 8 of 

the MDS-UPDRS features were duplicated, so they were dropped, along with 1 PGI and 1 CGI 

features with the same characteristics.  

Before any action on these findings, DPF had 20 186 records and 33 features. But then, when 

the features following the “Date” were again explored, there was a need to drop the rows 

were the values for the full row (after “Date”) were exclusively filled with any combination of 

the values ‘NaN’, ‘0’, ‘mam’, ‘__’, ‘na’. These actions had a major impact on the DPF size, that 

has reduced to 1 822 records and 23 features. 
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Then, 4 features (“Area”, “Battery”, “Assessment” and “Date”) were dropped, as they were 

no longer needed to check for data coherence. Exploring again the remaining missing values, 

the 4 features that have more than 80% of NaN (“CGI_c”, “CGI_s”, “PGI_c”, “PGI_s”) had to 

be dropped. At this point, when visualizing the Excel, there was still plenty of NaN values. On 

the remaining 15 features, 12 of them correspond to assessment features from which 6 belong 

to the MDS-UPDRS category. Considering the reported relevance of this category, it was 

determined that rows that have more than 5 NaN values in those 12 variables should be 

deleted. When re-working on the missing values, only the features with less than 20% of 

missing values were selected to be kept on DPF (“ESAS_pd”, “MMSE”, “mini-BT”, “MoCA”, “N-

FoG”, “SE” have been dropped). Since the dataset was quickly reducing its size, the need to 

use methods to input missing values started to arise. 

Considering this almost ready DPF dataset, currently with 1 580 records of 521 unique patients 

and 9 features, it is time to assess the number of records an remaining unique patients of the 

target feature “Diagnosis” on Table 3. 

 

Table 3 - Target feature "Diagnosis" values. 

Diagnoses Number of records Unique patients 

Parkinson_b 1040 323 

AP_b 467 165 

Parkinson_cx 43 20 

AP_cx 30 13 

 

The decision to exclude the complex cases is supported by the small sample of records that 

would not be enough to develop a well-functioning model, and merging these cases could lead 

to a more difficult classification on the models. However, this approach is left as a suggestion 

to future research. 

As the final changes to the dataset: 1 119 records were dropped, because when searching in 

the 6 remaining MDS-UPDRS features, these rows were filled with ‘0’; and the anonymized 

and random “Pt_ID” feature was deleted. 

 

FINAL DATASET AND SPLIT 

After all the exploration and processing, the final DPF dataset contains 388 records and 8 

variables, where the target has been encoded to AP_b = 0; Parkinson_b = 1. The dataset was 

exported as a .csv file, to be used in the next steps in a different notebook (focused on models). 

DPF will be split inside a loop, where each split will account for 75% of the data for training 

and 25% to the test set, while keeping the same proportions of each of the target classes. 
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4.3.4. MODELLING 

The models to be experimented for classification between PD and AP are: Logistic Regression 

(LR), Naïve Bayes (NB), Random Forest (RF), Multi-layer Perceptron (MLP), Support Vector 

Classification (SVC) and Extreme Gradient Boosting (XGB). These algorithms will be applied to 

the DPF dataset, and the same experiment design will be repeated on DPFss dataset which is 

the DPF dataset but scaled and balanced with synthetic data. 

The experiment design consisted of evaluating these 6 models and compare their 

performances throughout 30 independent runs. To ensure the variability across runs, each 

one used a different random seed applied to the whole pipeline. This means that all the steps 

of the same run use the same random seed: stratified train-test split, cross-validations (cv) 

and even the models itself (the ones that have random_state as a parameter). 

On Appendix B, the code from the modelling process is presented. To support a robust 

comparison and ensure the randomness in the data splitting, the process was repeated 30 

times using different random seeds (without replacement). The outer loop of splitting the 

data, guarantees that all models will be trained and evaluated on the same data partitions per 

run. The variability is introduced across runs with the random seed, since in each run, the data 

was split in 75% for train and 25% for the test set, while stratified by the target to keep the 

same class proportions. 

Appendix C demonstrates the code used to train each model. The dedicated function 

run_model encapsulates the hyperparameter optimization, the training, and the scoring 

strategy of train and test. GridSearchCV (GS) was run on the train set, to perform the 

hyperparameter tuning, using the StratifiedKFold (SkF) as the 5-fold cv splitting strategy. The 

parameter grids for each model are available to consult on Appendix D. Regarding the scoring 

strategy, it was multi-objective: F1-Score Macro (F1M); Balanced Accuracy (BAcc); Recall 

Macro and F1-Score Weighted (F1W). However, the model selection was based on F1M. 

To each of the best models given by the GS (on each run), their mean scores (from 5-fold SkF) 

of train and test, the best parameters and the runtime were stored in structured DataFrame 

(df) and exported to .csv and .xlsx formats. To avoid the expense of more time and 

computational power, the 180 trained models were saved (6 models x 30 runs), allowing for a 

future deployment or interpretability analysis. 

To perform the statistical analysis, it was compiled the following: 6 arrays (1 per model) 

containing the test values of F1M; 6 arrays with the BAcc test values; a df summarizing the 

performance metrics across all 30 runs using the mean and standard deviation (std). 

After identifying the best performing model through the statistical testing and to fulfil the 

second objective of identifying the features’ impact, Shapley Additive Explanations (SHAP) will 

be put into practice. SHAP values need to use the data to perform, so the previously saved 

trained model will not be enough. By gathering the information on the best model and its 
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parameters, run number and random state, it is possible to replicate the data split, and train 

the model over again. Then it is possible to run SHAP on the test set and wait for the chosen 

visualization (beeswarm) to appear. Its interpretation will be addressed in the next chapter. 

Regarding the “second” dataset DPFss, the experiment design is basically the same as 

previously explained for DPF and available on Appendix B and Appendix D. Some few 

modifications were made to the run_model function on Appendix E, since the pipeline 

function had to be adapted to account for the scaling (StandardScaler) and SMOTE (Synthetic 

Minority Oversampling Technique). This decision on a second dataset with synthetic data, was 

due the amount of data that was lost during the processing. It may help to understand how 

the models behave on this synthetic data. 

 

4.3.5. EVALUATION 

The chosen metrics for the evaluation of the models are macro F1-score (F1M) and balanced 

accuracy (BAcc). The F1M is preferred than the F1W, because the macro component gives an 

equal weight to each class. The BAcc considers for the specificity and sensitivity, while in this 

problem it represents the same as the recall-macro (accounting the same for both classes even 

though one has much less cases than the other). In this clinical context, neither of the classes 

(PD or AP) have more importance than the other, because this is a distinction between two 

diseases with similar prognostic value. Since there is no problem of false positive vs false 

negative, nor exists a class of healthy controls, the F1M better evaluates the models’ 

performance. However, similar studies report by F1W, without clarifying the reasoning or any 

justification for their selection. 

As detailed in the previous subchapter, the evaluation of the results goes in layers, being the 

first evaluation inside the GS, where the 5-fold cv using SkF is run with the refit=’f1_macro’ 

parameter, to optimize using the F1M. So, this GS will determine a best_estimator that will be 

used to predict on the test set. The second layer is that each model will be run 30 times, each 

time with a different random seed, applied from the split of the data. This code composition 

was motivated by the concept of nested-cv. 

On the statistical tests, the Friedman test was applied to evaluate whether the differences in 

the models’ performance were statistically significant. If necessary, this can be followed by a 

post-hoc analysis to determine where the differences lie between the models being 

compared. In this thesis context, the further analysis can be done by Wilcoxon tests with 

Bonferroni or Holm corrections, or by Nemenyi tests. These statistical tests account for the 

variance of the splits and ensure that the answer given to the first research question is 

evidence-based. 
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4.3.6. DEPLOYMENT 

Deployment is the final step in the CRISP-DM framework. This stage considers a well-defined 

algorithm, with all the clinical trials approved and statistical evidence of its work. The model 

would then be deployed for use by certified healthcare professionals (the specific professional 

category depends on the legislation in each country) in clinical settings as an auxiliary 

diagnostic tool. As this stage goes beyond the scope of this thesis, it will not be explored any 

further.  
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5. Results and Discussion 

5.1. BINARY CLASSIFICATION TASK – DPF DATASET 

One of the objectives of this thesis is to identify a ML model that best classifies if a patient 

suffers from PD or AP, given the rehabilitation assessments data. The evaluation of the models 

was based on the performance metrics of F1M and BAcc, which both consider for the class 

imbalance of the minority class (AP). 

The mean performance metrics over 30 independent runs, for each of the experimented 

models is presented on Table 4 . It contains the mean scores for both the training and the test 

sets, accompanied by the std. 

 

Table 4 - Performance metrics on DPF (mean ± std) 

Model Train_F1M Train_BAcc Test_F1M Test_BAcc 

LR 0.5417 ± 0.0213 0.6477 ± 0.0241 0.5228 ± 0.0221 0.6234 ± 0.0451 

NB 0.5050 ± 0.0301 0.5158 ± 0.0242 0.4964 ± 0.0358 0.5076 ± 0.0254 

RF 0.6365 ± 0.0266 0.6345 ± 0.0313 0.5601 ± 0.0770 0.5664 ± 0.0752 

MLP 0.6087 ± 0.0216 0.6029 ± 0.0241 0.5443 ± 0.0552 0.5440 ± 0.0497 

SVC 0.5804 ± 0.0241 0.6366 ± 0.0333 0.5484 ± 0.0656 0.5960 ± 0.0826 

XGB 0.5892 ± 0.0402 0.5835 ± 0.0344 0.6051 ± 0.0810 0.5958 ± 0.0681 

 

From this Table 4 scores, and evaluating on the test metrics, it seems that XGB has the best 

performance, when considering for the F1M. If focusing on BAcc, then LR seems to perform 

better. Table 5 presents a rank of the models, sorted by the test scores (F1M, BAcc), what 

gives a better perception on the models’ performance when accounting for different metrics. 

 

Table 5 - Models ranked by metrics (mean test scores on DPF) 

Rank F1M BAcc 

1 XGB 0.6051 LR 0.6234 

2 RF 0.5601 SVC 0.5960 

3 SVC 0.5484 XGB 0.5958 

4 MLP 0.5443 RF 0.5664 

5 LR 0.5228 MLP 0.5440 

6 NB 0.4964 NB 0.5076 
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F1-SCORE MACRO 

Starting with the statistical analysis, based on the test scores of F1M, the first evaluation was 

the Friedman test. This is a non-parametric test that allows to detect the differences between 

multiple ML models across multiple test attempts, in this case across 30 runs.  

All the tests on F1M were run assuming a significance threshold of α=0.05, and the null 

hypothesis (H0) is that there is no significant difference in performance between the models 

(i.e. the six models perform equally).  

The result of the Friedman test is p-value=1.034x10-8, which means H0 is rejected, so there is 

a significant difference between the models’ performance. 

As there is a significant difference in at least one of the models, a pairwise comparison is 

required. In this project context, there are 3 common post-hoc analyses to be performed after 

the Friedman test: Wilcoxon tests with Bonferroni or Holm corrections and Nemenyi tests. 

The selection of one of these tests is dependent on what the researcher aims to. In this case, 

it was decided to experiment the 3 approaches and compare its results. The approach to the 

3 analyses is similar, a short loop function, that calculates the p-value for each pairwise 

combination, and a correction factor to be applied to the p-value or to the alpha. 

The results of the Wilcoxon test with Bonferroni correction were, assuming a corrected 

α=0.0033, that there is a significant difference in the following 7 pairwise combinations: (LR, 

XGB); (NB, RF); (NB, MLP); (NB, SVC); (NB, XGB); (MLP, XGB); (SVC, XGB). 

The results of the Wilcoxon test with Holm correction (done after getting all the uncorrected 

p-values) were the following 9 combinations: (LR, NB); (LR, XGB); (NB, RF); (NB, MLP); (NB, 

SVC); (NB, XGB), (RF, XGB); (MLP, XGB); (SVC, XGB). 

Finally, the Nemenyi test results were that there is a significant difference between the 

following 7 pairwise combinations: (LR, XGB); (NB, RF); (NB, MLP); (NB, SVC); (NB, XGB); (MLP, 

XGB); (SVC, XGB). 

The results were compiled on Table 6, while resorting to Table 5 as a brief reminder of the 

rank between the models, according to F1M. The reading of this table can be done as: the first 

column (‘Combination’) corresponds to all the 15 pairwise combinations; the second column 

(‘WB’) corresponds to the Wilcoxon test with Bonferroni correction; the third column (‘WH’) 

is the Wilcoxon test with Holm correction; and the fourth column (‘N’) refers to the Nemenyi 

test. Regarding the rows: if a cell has ‘ns’ value, it means that the test failed to reject the null 

so there is no significant difference; if it has the abbreviation of any of the models, it means 

the test rejected the null hypothesis (i.e. there is a significant difference between the F1M of 

the two pairwise models) and when using Table 5  to check the rank, the highest model ‘wins’ 

so it gets the abbreviation on the cell. The rows marked in bold text refer to the combinations 

of the 3 highest ranked models. 
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To conclude the evaluation reasoning, by taking the 3 higher ranked models (F1M – XGB, RF, 

SVC), it is possible to check that: 

-  the 1st (XGB) and the 2nd (RF) ranked do not have a significant difference (WB, N tests), but 

it has a significant difference on the WH test; 

-  there is no significant difference between the 2nd (RF) and the 3rd (SVC) in any of the tests; 

-  there is a significant difference between the 1st (XGB) and the 3rd (SVC) in all the tests. 

So, since XGB and RF do not have a significant difference in 2 out of 3 tests, it is possible to 

affirm that, based on F1M, there are 2 equally good models at predicting PD vs AP cases. 

 

Table 6 - Pairwise comparisons (F1M - DPF) 

Combination WB WH N 

LR vs NB ns LR  ns 

LR vs RF ns ns ns 

LR vs MLP ns ns ns 

LR vs SVC ns ns ns 

LR vs XGB XGB XGB XGB 

NB vs RF RF RF RF 

NB vs MLP MLP MLP MLP 

NB vs SVC SVC SVC SVC 

NB vs XGB XGB XGB  XGB 

RF vs MLP ns ns ns 

RF vs SVC ns ns ns 

RF vs XGB ns XGB ns 

MLP vs SVC ns ns ns 

MLP vs XGB XGB XGB XGB 

SVC vs XGB XGB XGB XGB 

 

BALANCED ACCURACY 

Given that there are only two main evaluation metrics, it was decided to also perform a 

statistic analysis based on the BAcc, using the same methodology as for F1M. 

All the tests on BAcc were run assuming a significance threshold of α=0.05, and the null 

hypothesis (H0) is that there is no significant difference in performance (i.e. the models 

perform equally). The result of the Friedman test is p-value=1.179x10-10, which means H0 is 

rejected, so there is a significant difference between the models’ performance. 
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The results of the Wilcoxon test with Bonferroni correction (α=0.0033): there is a significant 

difference in the following 8 pairwise combinations: (LR, NB); (LR, RF); (LR, MLP); (NB, RF); (NB, 

MLP); (NB, SVC); (NB, XGB); (MLP, XGB). 

The results of the Wilcoxon test with Holm correction (after getting all the uncorrected p-

values) were the following 8 combinations: (LR, NB); (LR, RF); (LR, MLP); (NB, RF); (NB, MLP); 

(NB, SVC); (NB, XGB); (MLP, XGB). 

Finally, the Nemenyi test results were that there is a significant difference between the 

following 8 pairwise combinations: (LR, NB); (LR, RF); (LR, MLP); (NB, RF); (NB, SVC); (NB, XGB); 

(MLP, SVC); (MLP, XGB).  

The results were arranged on Table 7, with the help of Table 5 to check the rank and scores 

between the models, according to BAcc. The interpretation of this table was explained in the 

previous subchapter (F1-score macro). 

To conclude the evaluation of the models, based on BAcc, when selecting the 3 higher ranked 

models (BAcc – LR, SVC, XGB), it is observed that, in all tests, there is no significant difference 

on the pairwise comparison of these models. When checking for the 4th ranked model (RF) 

and comparing to LR, it has a significant difference. So, it is possible to declare that, based on 

BAcc, there are 3 equally performing models at the proposed binary classification task. 

 

Table 7 - Pairwise combinations (test BAcc - DPF) 

Combination WB WH N 

LR vs NB LR LR ns 

LR vs RF LR LR LR 

LR vs MLP LR LR LR 

LR vs SVC ns ns ns 

LR vs XGB ns ns ns 

NB vs RF RF RF RF 

NB vs MLP MLP MLP ns 

NB vs SVC SVC SVC SVC 

NB vs XGB XGB XGB XGB 

RF vs MLP ns ns ns 

RF vs SVC ns ns ns 

RF vs XGB ns ns ns 

MLP vs SVC ns ns SVC 

MLP vs XGB XGB XGB XGB 

SVC vs XGB ns ns ns 
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5.2. SHAP VALUES - DPF 

Considering the statistical test results, based on F1M there are 2 equally performing models 

(XGB and RF); while based on BAcc there are 3 models that do not show any pairwise 

significant difference (LR, SVC, XGB). 

To perform the SHAP values, only one model per metric will be chosen. Since they do not 

present any significant difference, there is less relevance on why to choose one or the other. 

In this case, for F1M it will be XGB; and for BAcc the LR. 

To better interpret the SHAP plots, it is relevant to remember that the X-axis (SHAP-value) 

represents the impact of each feature on the model output. So, values to the left suggest a 

push towards predicting the negative class (AP=0), while values to the right suggest a push 

toward the positive class (PD=1). As for the Y-axis, the list of features is ranked based on their 

overall importance (mean absolute SHAP value), from most (top) to least (bottom) influential. 

Finally, each dot represents a single SHAP value for one instance and one feature, and the 

colour depicts the feature value (higher values are red/pink, lower values are blue). 

Figure 3 displays the plot of the XGB model. The possible interpretation is: “mds_updrs_pIII” 

is the most impactful contributor to predictions. The feature higher values shift predictions to 

the (negative class, AP=0). So, it suggests that worse motor scores reduce the likelihood of 

being predicted as PD. The “Age” feature has some impact as well, but mixed, with a high 

distribution on the SHAP values, but disperse in the features values. “mds_updrs” shows 

mixed influence, and it is caused because it’s the sum of all the mds_updrs parts. The 

remaining features have smaller SHAP values (more centred around 0). 

 

 

Figure 3 - SHAP values plot (beeswarm) of XGB (DPF) 
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The best performing LR model (by BAcc), produced the following SHAP-values, plotted on 

Figure 4. The possible interpretation of this plot is that “mds_updrs_III” has the largest overall 

impact on predictions, and the higher feature values tend to push the prediction to AP=0. 

“mds_updrs” also is highly influential, but it is contradictory to the first feature, due to the 

weight of the next feature “mds_updrs_pIV” as it has a high quantity of lower value points. 

Considering that this happens on both evaluations, it would be useful to test just with the 

independent parts of mds-updrs. The feature “Age” has a clear distribution, as its higher 

values tend to tend to push the prediction to the left (AP=0), lower ages contribute to PD, and 

older ages to AP, which can be explained by the temporal factor that determines the 

progression of the disease. “mds_updrs_pII” also has a clear distribution, but a lower impact 

(rank). The remaining features are less influential because their SHAP values are close to zero, 

meaning they contribute minimally to the model’s predictions. 

 

 

Figure 4 - SHAP values plot (beeswarm) of LR (DPF) 

 

5.3. BINARY CLASSIFICATION TASK – DPFSS DATASET  

Due to the abrupt difference from the original dataset to the processed one, it surged the 

need to use other methods to deal with the data. The creation of a second dataset works as a 

comparison to the approach taken on the raw dataset, as this one includes synthetic data and 

a scaling process. 

Over 30 independent runs, the mean scores of the performance metrics were saved, for each 

of the tested models. This information is reflected on Table 8, that contains the scores 

(mean±std) for both the train and test sets.  
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Table 8 - Performance metrics on DPFss (mean ± std) 

Model Train_F1M Train_BAcc Test_F1M Test_BAcc 

LR 0.5424 ± 0.0191 0.6438 ± 0.0275 0.5281 ± 0.0407 0.6292 ± 0.0594 

NB 0.5099 ± 0.0260 0.6145 ± 0.0339 0.5182 ± 0.0383 0.6444 ± 0.0524 

RF 0.6320 ± 0.0190 0.6547 ± 0.0246 0.5892 ± 0.0409 0.6065 ± 0.0457 

MLP 0.6253 ± 0.0295 0.6405 ± 0.0290 0.5956 ± 0.0635 0.6102 ± 0.0699 

SVC 0.5990 ± 0.0256 0.6381 ± 0.0349 0.5510 ± 0.0557 0.5950 ± 0.0767 

XGB 0.5927 ± 0.0250 0.6004 ± 0.0267 0.5997 ± 0.0552 0.6019 ± 0.0565 

 

In this Table 8, it is possible to have an overview and create some expectations about the 

results of the statistical tests. On Table 9, it is observable that depending on the preferred 

metric, the ranking of the models goes almost to the opposite. Table 9 presents a rank of the 

models, sorted by the test scores (F1M, BAcc), what gives a better perception on the 

performance of the models when accounting for different metrics. 

  

Table 9 - Models ranked by metrics (mean test scores on DPFss) 

Rank F1M BAcc 

1 XGB 0.5997 NB 0.6444 

2 MLP 0.5956 LR 0.6292 

3 RF 0.5892 MLP 0.6102 

4 SVC 0.5510 RF 0.6065 

5 LR 0.5281 XGB 0.6019 

6 NB 0.5182 SVC 0.5950 

  

F1-SCORE MACRO 

Starting with the analysis, based on F1M test scores, the first evaluation is the Friedman test, 

which got a p-value of 9.216x10-11. Considering that all the statistical tests on were run 

assuming a significance threshold of α=0.05, and the null hypothesis (H0) is that there is no 

significant difference in performance. So, for the first test, the null hypothesis is rejected, 

which means that the models have a significant difference in performance. 

The approach will be the same as before, to perform 3 post-hoc analysis. For the Wilcoxon 

test with Bonferroni correction, the corrected alpha will be the same (0.0033), as it depends 

on the number of combinations, and keep the same 15 ones. The results of this test are that 

there is a significant difference in 8 comparisons: (LR, RF); (LR, MLP); (LR, XGB); (NB, RF); (NB, 

MLP); (NB, XGB); (MLP, SVC); (SVC, XGB). 
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The Wilcoxon test with Holm correction resulted in 9 pairwise comparisons that are 

significantly different: (LR, RF); (LR, MLP); (LR, XGB); (NB, RF); (NB, MLP); (NB, SVC); (NB, XGB); 

(MLP, SVC); (SVC, XGB). To end, the results of Nemenyi test were 7 combinations that present 

a significant difference: (LR, RF); (LR, MLP); (LR, XGB); (NB, RF); (NB, MLP); (NB, SVC); (NB, 

XGB). These pairwise comparison results have been compiled in Table 10, while consulting 

Table 9 to get the ranks of each model, in this step according to F1M. 

To conclude the evaluation of the models, based on F1M, when selecting the 3 higher ranked 

models (F1M – XGB, MLP, RF), it is observed that, in all tests, there is no significant difference 

on the pairwise comparison of these models. When checking for the 4th ranked model (SVC) 

and comparing to XGB, it has a significant difference. So, it is possible to declare that, based 

on F1M, there are 3 equally performing models at the proposed binary classification task. 

  

Table 10 - Pairwise comparisons (F1M - DPFss) 

Combination WB WH N 

LR vs NB ns ns ns 

LR vs RF RF RF RF 

LR vs MLP MLP MLP MLP 

LR vs SVC ns ns ns 

LR vs XGB XGB XGB XGB 

NB vs RF RF RF RF 

NB vs MLP MLP MLP MLP 

NB vs SVC SVC SVC SVC 

NB vs XGB XGB XGB XGB 

RF vs MLP ns ns ns 

RF vs SVC ns ns ns 

RF vs XGB ns ns ns 

MLP vs SVC MLP MLP ns 

MLP vs XGB ns ns ns 

SVC vs XGB XGB XGB ns 

  

BALANCED ACCURACY 

To replicate the same approach of DPF, the Friedman test will be applied as a statistical 

analysis of the models, to detect differences between its performances. Based on BAcc scores 

of DPFss, the result of the Friedman test is a p-value=0.1069, which is bigger than the 

significance level. In this particular case, it fails to reject the null hypothesis, which means that 

the models do not have any significant differences between them. So, there is no need for any 

post-hoc analysis.  
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6. Conclusions and Future Research 

6.1. CONCLUSIONS 

The growth in Artificial Intelligence (AI) innovations has been exponential across all sectors, 

including healthcare. Its impact is undeniable, especially when focused on improving patient 

outcomes and readjust the workload of healthcare professionals. The speed of evolution has 

only been slowed down by the rigorous laws and ethical concerns that characterize 

healthcare. With this focus, the endeavour of this thesis was to contribute towards the 

development an auxiliary diagnostic tool. 

The increase in life expectancy over the past years goes along with an increment in the 

prevalence of Parkinson’s Disease (PD). The economic burden of PD has been rising, with 11 

million cases reported in 2021, and this figure is set to rise further as the disease progresses. 

Atypical Parkinsonism (AP) shares common symptoms with PD, but differentiating between 

the two diagnoses has a significant impact on the progression of each disease and, 

consequently, affects the quality of life of patients. 

Machine Learning (ML) has been applied to a diversity of complex problems surrounding PD, 

including with diverse types of data. However, it was found a gap in the literature regarding 

the distinction between PD and AP using ML models. Since none of the diseases has a cure, 

the management of the disease progression takes a bigger relevance in the patient outcomes. 

The aim of this thesis was to develop a model with sufficient performance in a binary 

classification task of distinguishing between PD and AP that, in the long term, could potentially 

become an auxiliary diagnostic tool for healthcare professionals. The earlier the diagnosis, the 

greater the benefits for the patient, as it becomes possible to target and contain disease 

progression more effectively. The other objective was to identify what features have more 

weight on the models’ classification, which allows for a better understanding of the model and 

might lead to new research on those variables. 

In this study, a rigorous experimental design was implemented to evaluate and compare, 

across 30 independent runs, the performance of six ML classifiers: Logistic Regression (LR), 

Naïve Bayes (NB), Random Forest (RF), Multi-layer Perceptron (MLP), Support Vector Classifier 

(SVC), and XGBoost (XGB). Each run used a different random seed to generate a stratified 

75/25 train-test split, ensuring variability across runs. Within each run, models were trained 

and fine-tuned using 5-fold cross-validation (StratifiedKFold) and GridSearchCV to identify 

optimal hyperparameters. This repeated evaluation strategy provided a robust foundation for 

assessing model stability, generalization, and statistical significance of performance 

differences. 
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Although the raw dataset was of a considerable size, after all the processing it turned out as a 

small dataset, with few variables. To account for the imbalance data and try to improve the 

models scores, a second dataset was created and tested by passing the original one inside a 

Pipeline with StandardScaler and SMOTE. 

 

In conclusion of this thesis, it is possible to answer to both proposed research objective (RO) 

as follows: 

RO1 – To identify a ML model which best classifies whether a patient has PD or APD. 

Considering the F1-score macro (F1M) on the DPF dataset, XGB and RF are the two best 

performing models. The XGB has a mean F1M of 0.6051 ± 0.0810, and the RF has a mean of 

0.5601 ± 0.0770. The statistical testing showed that there is no significance difference 

between the performances of these models, which can be transposed to its classification 

ability. 

If considering the balanced accuracy (BAcc) on DPF, then three models show no significant 

differences between their performance metrics, what can be converted into their 

classification ability. The three models and its BAcc scores are: (LR, 0.6234 ± 0.0451); (SVC, 

0.5960 ± 0.0826) and (XGB, 0.5958 ± 0.0681). 

Although these were not the expected positive results, they are statistically reliable. The code 

implementation of this methodology allows for further research with new features and more 

data. The discussion on negative results is as important as on positive ones, because it allows 

to understand what does not work, and to experiment new and different approaches on 

future studies. 

RO2 – Identify which features have the most influence on the previous classification. 

These conclusions are limited to the small number of features, but according to the SHAP 

values, the feature that have the most impact on the distinction between AP and PD is the 

“mds_updrs_pIII” because it is ranked first on both plots and have a higher distribution of 

values. When considering the best F1M XGB model, the feature “Age” is the second most 

relevant although its dispersion of the features values. If considering the best BAcc LR model, 

the second most relevant feature is “mds_updrs”, with a clear distribution. Since this feature 

is the sum of the four parts of MDS-UPDRS, and one of the parts (feature “mds_updrs_pII) is 

exactly the opposite, it might be cancelling some understanding on this feature. 
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6.2. LIMITATIONS AND FUTURE RESEARCH 

Regarding a final overview of this project, some of the limitations have been described 

throughout the thesis. In summary, each of the supported decisions made, during the data 

curating stage, might have a significant impact on the performance of the models. Data quality 

also proved to be a serious limitation, since it required extensive manual processing beyond 

the standard frameworks, and was scarcer than anticipated. The conservative approach of 

avoiding introducing noise or bias to the data (as it is medical data) in exchange for fewer 

records (due to the missing values) has a repercussion on the results. The synthetic data from 

one of the datasets was used primarily for comparison purposes rather than to improve the 

model. Another limitation is the performance metrics selected to evaluate the models. Which, 

in this case with the low performance it would not be necessary, but with a high performing 

model it could make sense to compare the results against medical experts. 

There are many suggestions for future research as the results were not so positive as 

expected, but first it is important to remember the importance of a multidisciplinary team 

when the projects involve many different specialties. To this project it is suggested to repeat 

the approach but include more variables, and assuming proper techniques to fill the missing 

values. As for future research on the topic, the duration of the disease could be incorporated 

by having at least three evaluations of specific time-points, aiming to add a prognostic value 

to the research. Other approaches could be experimented, such as restraining the data to each 

of the evaluation sectors (physiotherapy, nursing, etc.) or focusing on the distinction of the AP 

subcategories. The ideas of experimenting with other models or gathering more data to 

explore the distinction in patients with concomitant pathologies are also suggested. 

As a final reflection, any future research aimed at improving human life holds immense value. 

Progress in science is not solely measured by positive outcomes; negative or inconclusive 

results also play a meaningful role to the collective understanding, guiding future efforts with 

greater clarity. As we continue to innovate and explore new frontiers, it is imperative to do so 

with a strong commitment to ethical responsibility, transparency, and equity. Only by 

upholding these principles can we ensure that scientific advancement genuinely serves society 

and contributes to the responsible transformation of it.  
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