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Abstract 

Parkinson’s Disease (PD) significantly impairs health-related quality of life (HRQoL), 

prompting the need for accurate, data-driven methods to identify at-risk patients and guide 

clinical management. This thesis explores three stages of machine learning approaches to 

predict HRQoL in PD, with the Parkinson’s Disease Questionnaire-39 (PDQ-39) as the 

primary outcome measure. Widely used in both clinical and research settings, the PDQ-39 

evaluates eight domains: Mobility, Activities of Daily Living, Emotional Well-Being, Stigma, 

Social Support, Cognitions, Communication, and Bodily Discomfort, offering a 

comprehensive picture of patients’ quality of life. 

Paper 1 explored whether classification-based models could effectively categorize patients 

according to the PDQ-39 Summary Index (the questionnaire’s overall HRQoL score) by 

splitting individuals into high- versus low-score groups. As no clinically validated cut-off 

points exist for the PDQ-39, we employed an expectation-maximization algorithm to identify 

a threshold that best separated patients into two groups. Leveraging readily available clinical 

and demographic features, we trained and tested several classification algorithms. While 

these models demonstrated promising potential for differentiating patients, reliance on an 

inferred cut-off, rather than a clinically validated reference, ultimately constrained 

interpretability and practical clinical utility. 

Reflecting on this limitation, Paper 2 shifted toward a regression model to predict the 

continuous PDQ-39 Summary Index rather than imposing artificial categories. By integrating 

explainable machine learning techniques, we achieved more detailed and clinically relevant 

predictions of HRQoL outcomes, revealing that features like an earlier age at diagnosis and 

the presence of dementia are closely linked with worse quality-of-life scores. However, some 

indications of potential overfitting were observed, leading us to question whether 

disaggregating the PDQ-39 into its eight domains and incorporating domain-specific 

predictors, might further refine our models and mitigate overfitting issues. This consideration 

naturally set the stage for the work undertaken in Paper 3. 

Paper 3 built on these insights by individually modeling each of the PDQ-39’s eight domains, 

thereby uncovering the unique predictors pertinent to each one of them. This domain-

specific approach, reinforced by the inclusion of additional variables, mitigated overfitting 

and deepened our understanding of how different clinical features shape the distinct aspects 

of HRQoL in patients with PD. Notably, non-motor symptoms, measured using the Non-
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Motor Symptoms Questionnaire, emerged as the most influential predictor across all 

domains, underscoring their crucial role in assessing the impact of the disease. 

Consequently, our results emphasize the importance of predictive models that account for 

each patient’s specific characteristics. 

These findings collectively highlight the potential of using machine learning to achieve more 

personalized care in patients with PD. By identifying key clinical features, especially non-

motor symptoms, in both the overall HRQoL score and its individual domains, we enable 

more refined, patient-specific strategies. Ultimately, this study underscores how data-driven 

insights can refine clinical decision-making, helping clinicians address the challenges that 

most profoundly affect each patient’s quality of life. 

 

Keywords: Parkinson’s Disease; health-related quality of life; machine learning; explainable 

machine learning 
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Resumo 

A Doença de Parkinson (PD) afeta significativamente a qualidade de vida relacionada com 

a saúde (HRQoL), evidenciando a necessidade de métodos rigorosos, baseados em dados, 

para identificar doentes em risco e apoiar a gestão clínica. Esta tese explora três 

abordagens de machine learning para prever a HRQoL em PD, utilizando os resultados do 

Parkinson’s Disease Questionnaire-39 (PDQ-39) como métrica principal. Amplamente 

utilizado tanto em contextos clínicos como em investigação, o PDQ-39 avalia oito domínios: 

mobilidade, atividades do quotidiano, bem-estar emocional, eStigma, apoio social, 

cognição, comunicação e desconforto corporal, fornecendo uma visão abrangente da 

qualidade de vida do doente. 

O Artigo 1 explora o potencial de modelos de classificação para categorizar os doentes de 

acordo com o PDQ-39 Summary Index - a pontuação global de HRQoL do questionário - 

dividindo os indivíduos em grupos de elevada e baixa pontuação. Dado não existirem 

pontos de corte clinicamente validados para o PDQ-39, utilizámos um algoritmo de 

expectation-maximization para identificar o limiar que melhor separa os doentes em ambos 

os grupos. Focando-nos em variáveis clínicas e demográficas de fácil obtenção, treinámos 

e testámos diversos algoritmos de classificação. Embora estes modelos tenham 

demonstrado um potencial promissor para diferenciar doentes, a dependência de um limiar 

inferido, em vez de uma referência clinicamente validada, limita a interpretabilidade e a 

utilidade prática em ambiente clínico. 

Considerando esta limitação, o Artigo 2 adota um paradigma de regressão para prever o 

PDQ-39 Summary Index, tratando-o como uma variável contínua, em contraste com a 

utilização de categorias artificiais. Integrando técnicas de machine learning explicável, 

obtivemos previsões dos resultados de HRQoL mais detalhadas e clinicamente relevantes, 

demonstrando que caraterísticas como o surgimento precoce da doença e a presença de 

demência estão fortemente ligadas a piores pontuações de qualidade de vida. No entanto, 

observámos sinais de um potencial overfitting, o que nos levou a questionar se a 

desagregação do PDQ-39 nos seus oito domínios e a incorporação de variáveis específicas 

em cada um destes, poderia melhorar os modelos e mitigar o overfitting. Esta reflexão 

despoletou, naturalmente, o trabalho desenvolvido no Artigo 3. 

O artigo 3 baseou-se nestes dados, modelando individualmente cada um dos oito domínios 

do PDQ-39, identificando assim as variáveis relevantes em cada um destes. Esta 
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abordagem específica de cada domínio, reforçada pela inclusão de variáveis adicionais, 

atenuou o overfitting e aprofundou a nossa compreensão de como diferentes caraterísticas 

clínicas moldam aspectos distintos da HRQoL na PD. Importa notar que os sintomas não 

motores, avaliados através do Questionário de Sintomas Não Motores (Non-Motor 

Symptoms Questionnaire), surgiram como a variável preditiva mais influente em todos os 

domínios, realçando o seu papel crítico na avaliação do impacto da doença. 

Consequentemente, os nossos resultados destacam a importância de modelos preditivos 

que considerem o perfil específico de cada doente. 

Estes resultados evidenciam o potencial da utilização de machine learning para obter 

cuidados mais personalizados na PD. Ao identificar as principais variáveis clínicas, 

particularmente os sintomas não motores, tanto na pontuação global de HRQoL como nos 

domínios individuais, obtemos estratégias mais adaptadas a cada doente. Em conclusão, 

este trabalho demonstra a forma como a informação baseada em dados pode auxiliar a 

tomada de decisão clínica, apoiando os profissionais de saúde nos desafios que afectam 

mais profundamente a qualidade de vida de cada doente. 

 

Palavras-chave: Doença de Parkinson; qualidade de vida relacionada com a saúde; 

aprendizagem automática; aprendizagem automática explicável 
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1. Introduction 

Parkinson’s Disease: A Multisystem Neurodegenerative Disorder 

Parkinson’s disease (PD) is one of the most prevalent and fastest-growing neurological 

disorders worldwide, currently affecting over 10 million people globally [1], [2], [3]. Once 

considered rare, its incidence has more than doubled between 1990 and 2015 and is 

projected to surpass 17 million by 2040, fueled by aging populations, increasing longevity, 

declining smoking rates, and the by-products of industrialization [4], [5]. The Global Burden 

of Disease study has identified PD as the fastest-growing neurological disorder by age-

standardized rates of disability and mortality [3], [4], [5]. 

Clinically, PD is defined by a core set of motor symptoms, including resting tremor, rigidity, 

bradykinesia, and postural instability, which result from dopaminergic neurodegeneration in 

the substantia nigra pars compacta. Non-motor symptoms (NMS), including depression, 

constipation, hyposmia, REM sleep behavior disorder, pain, and cognitive changes, are 

often present years before motor symptoms appear and contribute significantly to the 

disease burden [6], [7]. NMS contribute substantially to disability and caregiver burden [3], 

[8]. 

The disease also exhibits significant heterogeneity. Whereas some individuals demonstrate 

relatively slow disease progression with predominant tremor symptoms, others experience 

symptoms such as early postural instability or cognitive impairment, which have been 

associated with a more rapid decline [9], [10], [11]. Although subtype classifications based 

on symptom dominance and disease trajectory are still being refined, they offer valuable 

insights into prognosis and contribute to a shift toward personalized treatment strategies 

[11], [12]. 

PD exhibits notable sex- and age-related variability in both its incidence and clinical 

manifestations. Men are more frequently affected than women, with incidence ratios 

consistently reported to be approximately 1.5 to 2 times higher  [1], [13]. Female patients 

with PD are more likely to develop dyskinesias earlier in the disease course, exhibit a slower 

decline in Activities of Daily Living, and have a reduced risk of developing cognitive 

impairments than male patients [13]. Age is the most important known risk factor for 

Parkinson’s disease, with its incidence and prevalence increasing steadily as individuals 

grow older [3]. While most cases occur after the age of 60, a subset of individuals develops 
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symptoms at a younger age. Parkinson’s disease with onset before the age of 50 accounts 

for approximately 5–10% of cases and is often associated with mutations in genes such as 

PRKN and PINK1 [3]. These genetic forms tend to follow a distinct clinical profile, often 

marked by slower progression and sustained responsiveness to dopaminergic treatment [3]. 

PD imposes substantial socioeconomic and social burden worldwide. This impact stems 

largely from its progressive and debilitating nature, which significantly affects not only 

individuals with PD but also their families and broader communities. Caregiver burden, 

characterized by physical, emotional, social, and economic strain, becomes progressively 

more demanding as the disease advances, with neuropsychiatric symptoms such as 

anxiety, depression, apathy, mental fatigue, and psychosis significantly exacerbating this 

strain [14], [15]. Additionally, the societal costs associated with PD extend beyond 

healthcare expenditures, encompassing lost productivity and increased dependency, thus 

contributing substantially to the economic strain on healthcare systems and society as a 

whole [14], [15]. As populations continue to age and life expectancy rises, this burden is 

anticipated to increase sharply, highlighting the urgent need for sustainable strategies and 

supportive measures to mitigate these socioeconomic impacts [4]. 

The impact and challenges posed by PD on healthcare systems are significant and 

multifaceted, including escalating healthcare demands and resource allocation difficulties. 

The disease’s chronic and progressive nature necessitates ongoing and often 

multidisciplinary management, involving neurologists, therapists, and various allied health 

professionals, which presents considerable resource and organizational challenges for 

healthcare systems [3]. Furthermore, the heterogeneity of PD symptom presentation and 

progression complicates patient care, underscoring the need for personalized treatment 

strategies and a robust infrastructure for long-term management [3]. Future challenges 

include addressing the anticipated increase in patient numbers, improving early diagnosis 

to enable timely interventions, developing and integrating disease-modifying therapies, and 

enhancing caregiver support structures. Leveraging advancements in genetic research, 

digital health technologies, and telemedicine may offer promising avenues for transforming 

PD care, making it more personalized, efficient, and accessible in the coming decades [3], 

[4]. 
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Health-Related Quality of Life in Parkinson’s Disease 

Chronic diseases often limit an individual’s functioning, resulting in reduced Health-Related 

Quality of Life (HRQoL). Consequently, quality of life has become an important metric for 

evaluating disease impact and treatment benefits and is now seen as a key outcome in 

chronic and neurodegenerative disease management. HRQoL captures aspects of the 

illness impact on daily life that clinical scales may not fully reflect [16], [17]. Over the past 

few decades, HRQoL has emerged as a standard outcome in PD research and clinical trials

[18]. 

One of the most widely used PD-specific HRQoL instruments is the 39-item Parkinson’s 

Disease Questionnaire (PDQ-39) [19]. This patient-reported metric was developed through 

in-depth interviews with PD patients and testing, condensing an initial 65-item pool into 39 

items spanning eight domains [20], [21]. Validation studies have demonstrated that the 

PDQ-39 has high internal consistency, test–retest reliability, and construct validity [20], [21], 

[22], [23]. Shorter tools (e.g. the 8-item PDQ-8 derived from the PDQ-39) and other 

questionnaires like the Parkinson’s Disease Quality of Life scale (PDQL) exist, but PDQ-39 

remains one of the most comprehensive and well validated PD HRQoL tools [19]. 

The PDQ-39 assesses how frequently people with PD experience difficulties across eight 

dimensions of health [20]: 

• Activities of Daily Living (6 items) 

• Bodily Discomfort (3 items) 

• Cognitions (4 items) 

• Communication (3 items)  

• Emotional Well-Being (6 items) 

• Mobility (10 items) 

• Social Support (3 items) 

• Stigma (4 items) 
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Respondents rate each item on a 5-point Likert scale: 

• 0 = Never 

• 1 = Occasionally 

• 2 = Sometimes 

• 3 = Often 

• 4 = Always 

The individual item scores are summed within each domain, and then each domain score is 

transformed to a 0–100 scale, where 0 indicates no impact from the disease and 100 

indicates the worst possible impact on quality of life. Additionally, an overall measure, the 

PDQ-39 Summary Index (PDQ-39 SI), can be calculated by averaging the scores of all eight 

domains to provide a global representation of HRQoL in patients with PD [20], [21]. 

In both clinical practice and research, the PDQ-39 provides valuable insights into patients’ 

overall well-being and treatment outcomes. For example, PDQ-39 scores deteriorate 

significantly with advancing PD severity, especially in domains directly related to physical 

impairment such as Mobility and Activities of Daily Living [16]. Such information is vital for 

guiding holistic patient care, as HRQoL outcomes highlight needs beyond motor symptom 

control. 

 

Rise of Machine Learning in Healthcare 

Artificial intelligence (AI), particularly machine learning (ML), has emerged as a powerful and 

disruptive tool in healthcare, with the potential to fundamentally transform medical practice 

and care delivery [24]. In recent years, an explosion of healthcare data and improvement in 

computational power have driven a surge in ML applications aimed at addressing healthcare 

challenges. Notably, the integration of ML-driven tools into chronic disease management 

enhances the efficiency of patient care, optimizing treatment strategies, and even helping 

reduce costs [25]. This convergence of data and algorithms provides innovative solutions 

for managing long-term conditions, thereby introducing a new era of data-informed 

personalized medicine. 
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Key Applications of ML in Disease Management 

ML methods have been applied to multiple aspects of disease management. Key application 

areas include diagnosis (especially early detection), prediction of disease progression, 

modeling and predicting treatment responses, and patient monitoring or symptom 

management: 

• Diagnosis and Early Detection: ML algorithms can sift through complex biomedical 

data, from imaging scans to genomic profiles, to detect diseases earlier and more 

accurately than traditional methods. For example, in oncology, AI-based analysis of 

pathology and radiology data can identify novel tumor biomarkers and improve 

cancer screening and diagnosis [26]. In neurodegenerative diseases, ML improves 

the early detection of conditions that were historically difficult to diagnose in the 

prodromal stages. A deep learning model analyzing natural smartphone touchscreen 

typing patterns was able to distinguish early PD patients from healthy individuals, 

revealing subtle motor impairments that clinicians might miss during a brief exam 

[27]. Similarly, in Alzheimer’s disease, machine learning applied to brain magnetic 

resonance imaging and other biomarkers can achieve high diagnostic accuracies for 

early-stage Alzheimer’s vs. mild cognitive impairment, underlining how ML can 

surpass traditional diagnostic constraints in precision [28]. These advances show 

ML’s promise in recognizing the “hidden” patterns of disease onset, enabling 

interventions at an earlier stage. 

• Disease Progression Prediction: Another key application of ML is forecasting the 

progression of a chronic disease in an individual, which is crucial for the management 

of patients. ML models can analyze baseline clinical and biomarker data to stratify 

patients according to the likely disease trajectory. In Parkinson’s disease, for 

instance, a data-driven analysis of longitudinal cohorts identified three distinct PD 

subtypes with different rates of progression (slow, moderate, and fast), and the ML 

model could predict five-year progression outcomes with relatively high accuracy

[29]. Such model-identified subgroups help deconstruct PD’s clinical heterogeneity 

and allow clinicians to anticipate which patients might decline more rapidly [29]. By 

forecasting disease progression, ML tools enable proactive monitoring and timely 

interventions tailored to the predicted course of the patient. 

• Treatment Response Modeling: ML is increasingly employed to model and predict 

how patients will respond to specific treatments, which supports more personalized 
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and effective therapy decisions. Predictive models can help identify patients who are 

likely to benefit from an intervention, or which therapy options may yield the best 

outcomes. In Parkinson’s disease, for example, researchers have developed an ML-

based prediction tool to support surgical treatment decisions: a logistic regression 

model was trained on pre-surgical clinical features to predict which patients with PD 

would have a poor motor response to deep brain stimulation (DBS). This model 

identified “weak responders” to DBS, effectively flagging patients who failed to show 

significant motor improvement one year post-surgery [30]. Such a tool can assist 

clinicians in patient selection and counseling for DBS by estimating the likely 

benefits. 

• Symptom Monitoring and Management: A major promise of ML in chronic disease 

management lies in continuous patient monitoring and symptom management, often 

via wearable sensors or smartphone-based tools. By coupling sensor data with ML, 

healthcare providers can obtain an ongoing, objective picture of a patient’s condition 

outside of clinical visits. Indeed, mobile health technologies combined with ML have 

become a focal point in chronic care, enabling remote monitoring and telemedicine 

interventions [25]. In Parkinson’s disease, this approach has led to the development 

of smartphone applications that assess symptoms and severity in real time. For 

example, researchers have developed a tool that uses a phone’s microphone, 

accelerometer, and touchscreen to measure voice, gait, finger tapping, and balance; 

ML algorithms convert these inputs into a “mobile Parkinson’s Disease score” 

reflecting overall symptom severity [31]. Such continuous tracking is especially 

valuable given PD’s fluctuation in symptoms as it allows doctors to fine-tune 

medications based on rich data rather than brief snapshots. By empowering patients 

and clinicians with real-time data, these ML-powered systems facilitate timely 

adjustments to treatment and support better self-management. 

 

Machine Learning in Parkinson’s Disease and the Potential to Predict HRQoL 

ML methods have significantly enhanced the management of PD by enabling patient 

stratification, predictions of disease progression, informed treatment decisions, and real-

time symptom tracking through digital technologies [27], [30], [32], [33]. These advances 

facilitate more personalized and timely interventions, improving patient care and outcomes. 
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HRQoL has become a central focus in PD management, recognizing that the impact of the 

disease extends far beyond motor symptoms alone. HRQoL assessments capture 

comprehensive patient experiences, including emotional, social, cognitive, and physical 

domains, and provide valuable insights into disease burden and treatment efficacy [16], [18], 

[19]. Predicting HRQoL through ML has significant potential, as it would enable healthcare 

providers to proactively identify patients at risk of deterioration, implement timely 

interventions, and allocate resources more effectively. This predictive capability could 

ultimately lead to enhanced personalized care, optimized support systems, and improved 

overall management and quality of life for patients with PD [16], [18]. 
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2. Objectives of the Thesis 

The primary aim of this thesis is to explore and develop ML approaches to accurately predict 

HRQoL in PD, using the PDQ-39 as the key outcome measure. This work addresses three 

sequential objectives; each reflected in the individual studies comprising this thesis: 

• The first study investigated whether classification-based ML models could effectively 

categorize patients according to their overall HRQoL, as measured by the PDQ-39 

Summary Index. This involves identifying an optimal threshold that differentiates 

patients with higher and lower HRQoL scores, enabling clinicians to quickly 

recognize individuals at greater risk of experiencing significant disease impact on 

their quality of life. 

 

• Given the limitations identified in the first study, particularly related to the 

interpretability and clinical utility of categorical predictions, the second study shifted 

towards employing regression-based ML models. This approach aims to predict the 

continuous PDQ-39 Summary Index, providing nuanced and clinically meaningful 

insights into HRQoL outcomes. Additionally, this study incorporated explainable ML 

techniques to identify key clinical and demographic variables associated with HRQoL 

deterioration, such as age at diagnosis and cognitive impairment.  

 

• The third study builds upon the insights gained from the second, aiming to enhance 

predictive accuracy and clinical relevance by separately modeling each of the eight 

PDQ-39 domains. This domain-specific approach aims to uncover unique predictors 

for each aspect of HRQoL, with special emphasis on the impact of non-motor 

symptoms, thereby refining the model accuracy. 

 

Overall, this thesis seeks to demonstrate the feasibility and clinical utility of ML models in 

predicting HRQoL, leveraging common clinical variables that are readily available in routine 

clinical practice. By identifying influential predictors and enhancing the precision of HRQoL 

assessments, this study aims to support personalized patient management strategies and 

improve clinical decision-making in Parkinson’s disease.
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3.1. Introduction 

Health-related quality of life (HRQoL) gained importance in the last decades and is 

considered to be an important outcome measure in chronic diseases studies. HRQoL 

disease specific instruments reflect the consequences of that disease to a particular person 

and are sensitive to change in perceived HRQoL. In Parkinson’s disease (PD) several 

disease specific HRQoL instruments have become available in the past few years. A 2002 

systematic review of HRQoL instruments in PD concluded that in many situations the 

Parkinson´s Disease Questionnaire -39 (PDQ-39) is the most appropriate HRQoL 

instrument, because it is the scale that has been tested most thoroughly, has adequate 

clinimetric characteristics, has been used in the largest number of studies, and is available 

in many languages[34]. 

The PQD-39 is a 39-item self-report questionnaire, which assesses PD specific health 

related quality over the last month. It assesses how often patients experience difficulties 

across the 8 quality of life dimensions and the impact of PD on specific dimensions of 

functioning and well-being [21]. Its summary index (PDQ-39 SI) is a widely used patient-

reported clinical trial endpoint. Peter Hagell and Maria H. Nilsson assessed the 

unidimensionality of the PDQ-39 and PDQ-39 SI using Rasch and confirmatory factor 

analysis and concluded its multidimensional nature [35]. 

The objective of this study is to do an exploratory analysis on the multidimensional nature 

of the PDQ-39 SI using machine learning methods to improve the interpretability of the score 

and obtain a model to predict the perceived quality of life of people with PD. 

3.2. Methods 

Data analysis was completed with R version 4.1.1. Data used in the preparation of this article 

were obtained from the Parkinson’s Real-World Impact assesSMent (PRISM) database. 

PRISM study and database was funded by BIAL – Portela & Cª, S.A., designed in 

collaboration with The Cure Parkinson’s Trust, an advocacy group based in the United 

Kingdom (UK), and reviewed by the PRISM steering committee.  

The PRISM database contains data from 861 people from 5 European countries with PD 

collected in the context of an observational study with cross-sectional design [36]. 
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PDQ-39 SI multivariable nature was first assessed using the Expectation-Maximization (EM) 

algorithm (Figure 1). Based on the latent classes, a transformation of PDQ-39 SI from 

continuous to binomial outcome was performed: mild vs severe symptoms impacting their 

quality of life. 

Clinically relevant variables for modeling the PDQ-39 SI were initially selected from the 

PRISM database. Univariate logistic regressions were created with the PDQ-39 SI as a 

function of each of the previously selected variables. The variables presenting a p-value 

below 0.05 were ordered according to their impact on the odds ratio and included in the 

machine learning models by forward selection based on the resulting AUC values. 

Incomplete observations were then removed resulting in a dataset with 615 patients. 

Before training the models, 20% of the dataset was saved to be used as independent 

validation data. With the remaining 80% of the dataset (training set), several models were 

trained to predict the classes obtained through EM. A repeated 10-fold cross validation was 

performed on this training set to estimate the respective ROC curves (Figure 2). Additionally, 

the performance of each model obtained with the 20% independent validation set was also 

assessed through the plotting of ROC curves (Figure 3). 

 

Figure 1: Latent classes on Parkinson´s Disease Summary Index. With the use of Expectation 
Maximization algorithm (2 kernels) 2 latent classes are described: (i) red distribution with mean of 
18.8 and standard deviation of ± 9, and (ii) black distribution with mean of 45 and standard deviation 
of 15.5. Interception of the two distributions at the 31 value. 
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Figure 2: Performance estimation of different machine learning methods for PDQ-39 SI modeling on 
the training set using repeated 10-fold cross validation. ROC curves (receiver operating characteristic 
curves) of the repeated 10-fold cross validation training set (80% of the dataset) with (i) lda (Linear 
Discriminant Analysis), (ii) cart (Classification and Regression Tree, splitting index: gini), (iii) knn (K-
nearest Neighbors, K=3), (iv) svm (Support Vector Machine, kernel: radial basis function), (v) rf 
(Random Forest, number of trees = 500), (vi) nnet (Feedforward Neural Network, 1 hidden layer with 
5 neurons ). AUC (area under the curve). 

 

  



42 
 

 

Figure 3: Performance of different machine learning methods for PDQ-39 SI modeling on the 
independent validation set. ROC curves (receiver operating characteristic curves) of the independent 
validation set (20% of the dataset) with (i) lda (Linear Discriminant Analysis), (ii) cart (Classification 
and Regression Tree, splitting index: gini), (iii) knn (K-nearest Neighbors, K=3), (iv) svm (Support 
Vector Machine, kernel: radial basis function), (v) rf (Random Forest, number of trees = 500), (vi) nnet 
(Feedforward Neural Network, 1 hidden layer with 5 neurons). AUC (area under the curve). 

3.3. Results 

The PDQ-39 SI was converted from a continuous outcome into two categories based on the 

impact on the quality of life of the person with PD: mild (with a PDQ-39 SI below 31) and 

severe (PDQ-39 SI above 31). 

The ROC curves obtained with repeated cross-validation for each of the trained models are 

presented in Figure 2 while the ROC curves obtained with the independent validation data 

set are presented in Figure 3. 
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3.4. Discussion 

The obtention of a binomial classification for the PDQ-39 SI can facilitate its interpretation 

and harmonize its utilization by different health care providers (HCP). Additionally, machine 

learning models applied to clinical variables can be used to predict to which of these classes 

a person with Parkinson’s disease would belong. This information would allow HCPs to 

predict which of the patients are expected to have a lower quality of life. 

The PDQ-39 SI is based on the patient’s interpretation about several dimensions measuring 

his/her perceived quality of life. The subjectivity of the information collected through a survey 

is considered a limitation of this study. 

The results obtained demonstrate a good performance of Linear Discriminant Analysis, 

Support Vector Machine and Random Forest methods. Future work will focus on 

hyperparameters optimization and on studying a wider range of variables to accommodate 

possible confounding factors. 
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4. Predicting Quality of Life in Parkinson’s Disease: A Machine 
Learning Approach Employing Common Clinical Variables 
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4.1. Abstract 

Background: Parkinson’s Disease significantly impacts health-related quality of life, with 

the Parkinson’s Disease Questionnaire-39 extensively used for its assessment. However, 

predicting such outcomes remains a challenge due to the subjective nature and variability 

in patient experiences. This study develops a machine learning model using accessible 

clinical data to enable predictions of life-quality outcomes in Parkinson’s Disease and utilizes 

explainable machine learning techniques to identify key influencing factors, offering 

actionable insights for clinicians.  

Methods: Data from the Parkinson’s Real-world Impact Assessment study (PRISM), 

involving 861 patients across six European countries, were analyzed. After excluding 

incomplete data, 627 complete observations were used for the analysis. An ensemble 

machine learning model was developed with a 90% training and 10% validation split.  

Results: The model demonstrated a Mean Absolute Error of 4.82, a Root Mean Squared 

Error of 8.09, and an R2 of 0.75 in the training set, indicating a strong model fit. In the 

validation set, the model achieved a Mean Absolute Error of 11.22, a Root Mean Squared 

Error of 13.99, and an R2 of 0.36, showcasing moderate variation. Key predictors such as 

age at diagnosis, patient’s country, dementia, and patient’s age were identified, providing 

insights into the model’s decision-making process.  

Conclusions: This study presents a robust model capable of predicting the impact of 

Parkinson’s Disease on patients’ quality of life using common clinical variables. These 

results demonstrate the potential of machine learning to enhance clinical decision-making 

and patient care, suggesting directions for future research to improve model generalizability 

and applicability.  

 

Keywords: Parkinson’s disease; health-related quality of life; predictive modeling; machine 

learning; Parkinson’s disease questionnaire-39; PDQ-39 summary index; explainable 

machine learning 
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4.2. Introduction 

Parkinson’s Disease (PD) global prevalence more than doubled between 1990 and 2015 

[5]. The motor symptoms associated with the second most common neurodegenerative 

disorder include resting tremor, rigidity, bradykinesia, and postural instability. Additionally, 

non-motor symptoms such as cognitive impairment, mental health disorders, sleep 

disturbances, pain, and sensory disturbances are also common in PD [5], [37], [38], [39]. All 

these symptoms decrease the health-related quality of life (HRQoL) of people with PD [34].  

In recent years, HRQoL has emerged as a critical outcome measure in the study of chronic 

diseases. HRQoL instruments, particularly those designed for specific diseases, offer 

valuable information on the personal effects of disease and any changes that are perceived 

over time. For example, in the context of PD, several disease-specific HRQoL tools have 

been developed recently. A comprehensive, systematic review conducted in 2002 

determined that the Parkinson’s Disease Questionnaire-39 (PDQ-39) was the most suitable 

instrument for assessing HRQoL in the context of PD. The PDQ-39 was chosen based on 

several factors, including its extensive testing, robust clinimetric properties, widespread use 

in numerous studies, and availability in numerous languages [34]. Additionally, recent 

studies have demonstrated its utility in various contexts, such as assessing the impact of 

deep brain stimulation of the subthalamic nucleus on the quality of life of PD patients [40] 

and validating its use in PD patients with cognitive impairment, showcasing its versatility and 

applicability across different patient populations [22]. Furthermore, the Italian version of the 

PDQ-39 has been validated, highlighting its cross-cultural applicability [23]. Research 

suggests that the PDQ-39 is a reliable and valid tool for assessing HRQoL in PD, as it 

provides a comprehensive view of the disease’s impact, extending beyond traditional clinical 

outcomes, and reflects the patient’s perspective, capturing their personal and subjective 

experience of living with the disease [41]. 

PDQ-39 is a commonly utilized self-report questionnaire comprised of 39 items that assess 

the degree of difficulty experienced by individuals diagnosed with PD across eight 

dimensions of HRQoL, namely mobility, activities of daily living, emotional well-being, 

stigma, social support, cognitions, communication, and bodily discomfort [21]. The PDQ-39 

Summary Index (PDQ-39 SI), which measures the overall impact of PD on a patient’s life, is 

a commonly utilized patient-reported endpoint in clinical trials [21], [42], [43]. Despite its 

widespread use, accurately predicting the PDQ-39 SI and, consequently, the HRQoL 

remains a complex and challenging task. This complexity is partly due to the subjective 
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nature of the questionnaire, which captures individual patient experiences and perceptions 

that may vary widely based on personal factors, such as disease severity, duration, 

treatment response, individual resilience, and varying interpretations of quality of life. 

Machine and statistical learning have been used in PD to predict disease progression, motor 

symptoms, and treatment response. For instance, Chandrabhatla et al. explored the co-

evolution of machine learning (ML) and digital technologies to enhance the monitoring of 

Parkinson’s Disease motor symptoms, thereby improving real-time symptom tracking and 

management [44]. Gao et al. employed both model-based and model-free ML techniques 

for the diagnostic, prediction, and classification of clinical outcomes in PD, highlighting their 

potential in early diagnosis and personalized treatment planning [45]. Nilashi et al. evaluated 

the effectiveness of ensemble ML methods for predicting PD progression, demonstrating 

the improved accuracy and robustness of combined models [46]. Dadu et al. focused on 

identifying and predicting PD subtypes and progression using ML in two cohorts, which can 

aid in precise disease classification and management [29]. Additionally, a recent study 

introduced a Perceiver architecture-based multimodal ML model to estimate PD symptom 

severity by analyzing raw gait signals and features from Ground Reaction Force sensors 

[47]. However, its application in predicting HRQoL, as measured by the PDQ-39 Summary 

Index (SI), remains underexplored. This study sought to develop an ML model capable of 

predicting PDQ-39 SI in patients with PD using readily available clinical variables, such as 

the patient’s current PD medication, co-existing medical conditions, education level, age, 

and age at diagnosis. The objective of this research is to develop a ML model equipped with 

explainable ML techniques to enhance clinicians’ ability to predict HRQoL in PD patients. 

This tool is designed to provide deeper insights into the factors influencing HRQoL, thereby 

informing treatment decisions and ultimately improving patient care. Additionally, the 

explainable ML component of this study offers critical information about the variables that 

have a higher impact on quality of life, which can be valuable for clinicians in understanding 

disease progression and management. 
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4.3. Materials and Methods 

Database and Data Preparation 

The data for this study were sourced from the Parkinson’s Real-world Impact assesSMent 

(PRISM) study, a cross-sectional observational research initiative. A total of 861 patients 

with PD and 256 caregivers from six European countries participated in the PRISM study, 

completing an online survey using structured questionnaires including the PDQ-39, Non-

Motor Symptoms Questionnaire, and Zarit Burden Interview [36]. This survey captured a 

broad range of information, including medication use, comorbidities, and healthcare 

resource utilization [36]. After excluding two observations due to missing PDQ-39 SI scores, 

859 valid entries remained for analysis. The demographic profile of the participant pool was 

nearly evenly split by gender: 48.5% female and 50.3% male, with a mean age of 65.0 years 

(Standard Deviation (SD) = 10.2 years). The average PDQ-39 SI score was 32.0 (SD = 

18.2), with its distribution depicted in Figure 4. Supplementary Table S1 summarizes key 

variables from the PRISM dataset. 

 

 
Figure 4: Distribution of PDQ-39 SI across 859 patients from the PRISM study. 

  

https://www.mdpi.com/article/10.3390/jcm13175081/s1
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Data Analysis 

All analyses were performed using the R statistical software (version 4.3.0) [48]. As part of 

our analytical approach, we utilized Factor Analysis of Mixed Data (FAMD) to explore the 

underlying relationships between variables within the PRISM dataset, including the PDQ-39 

SI. FAMD are particularly relevant for datasets that include both quantitative and qualitative 

variables, as they extend the principles of principal component analysis to mixed data types. 

This approach allows us to reduce the complexity of the data by identifying the principal 

dimensions that capture the most variance. Consequently, FAMD provide a comprehensive 

understanding of how different variables interact and contribute to the observed patterns in 

our dataset. The results of the FAMD are visually depicted in Supplementary Figure S1, 

offering a clear illustration of the interrelations among the dataset where variables that are 

highly correlated cluster together, including how closely each variable correlates with the 

outcome variable, the PDQ-39 SI. 

After the FAMD analysis, the PRISM dataset was subjected to a data-cleaning process. 

Categorical variables with responses such as ‘prefer not to say’ or ‘other’ were treated as 

missing values to minimize the noise in the final model. Upon examination of the dataset 

(Supplementary Table S1), it was observed that it contains minimal missing values. Most of 

these missing values appear to be missing completely at random, with notable exceptions 

in the variables age at diagnosis and current medication. These exceptions suggest a 

missing not at random pattern, likely due to patients not recalling the age of PD diagnosis or 

being unaware of the therapeutic class of their current medication. Although we initially 

attempted to address missing values using Multivariate Imputation by Chained Equations 

(MICE), this approach resulted in a model with worse predictive capabilities [49]. Therefore, 

we only kept complete observations, resulting in a total of 627 valid entries. Subsequently, 

the dataset was partitioned into training (90%) and validation (10%) sets to maximize the 

learning capacity of our model amidst the constraints of limited sample size and high 

variability inherent in questionnaire-based data. This allocation allows for comprehensive 

model training on a diverse range of responses, critical for capturing the nuanced patterns 

of HRQoL assessments in PD, while still reserving a portion of the data for essential 

validation to assess model performance and mitigate overfitting. Figure 5 illustrates this 

study’s workflow, detailing each step from data acquisition to the data split and comparison 

of regression metrics in the training and validation sets. 

 

https://www.mdpi.com/article/10.3390/jcm13175081/s1
https://www.mdpi.com/article/10.3390/jcm13175081/s1
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Figure 5: Diagram of the study process from data acquisition to data preparation, feature selection, 
model training, and performance evaluation. 

Model training 

The models were trained on a personal computer equipped with an AMD Ryzen 7 7800X3D 

CPU, 32 GB of RAM, and an AMD Radeon RX 7900 XT GPU (Advanced Micro Devices, 

Inc., Santa Clara, CA, USA). We evaluated several feature selection methods—specifically, 

random forest, least absolute shrinkage and selection operator (LASSO), group LASSO, 

and the option of omitting feature selection—to identify the most suitable technique for our 

dataset. Feature selection through random forest was selected for its standout performance 

in enhancing the predictive accuracy of our suite of ML models. We then applied this feature 

selection approach in training a diverse range of ML models, namely linear regression, 

boosted generalized linear model, extreme gradient boosting with linear models and 

decision trees, ridge regression, neural network regression, LASSO regression, random 

forest, k-nearest neighbors, support vector machines with radial basis function and 
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polynomial kernel, and Gaussian processes (linear, polynomial, and radial kernels), 

incorporating essential pre-processing steps such as centering and scaling with the caret 

package [50]. To accurately train and evaluate the performance of these models within the 

context of a dataset characterized by limited size and high variability, Monte Carlo Cross-

Validation (MCCV) was employed with 500 repetitions for each model. This approach was 

chosen for its effectiveness in mitigating data variability, thereby ensuring a more reliable 

and stable assessment of the models’ generalizability. 

Model Stacking 

To further improve the performance of our predictive model, we implemented a stacking 

approach using an ensemble of the previously trained ML models. Stacking is an advanced 

ensemble method that combines multiple predictive models to enhance overall accuracy. It 

utilizes a meta-model that optimally combines the predictions from several base models 

trained on the same data. This technique leverages the strengths and compensates for the 

weaknesses of individual models, thereby increasing the robustness and reliability of 

predictions [51]. 

We started by assessing the correlation among these models to create an ensemble 

characterized by both strong individual performance and minimal intermodel correlation. We 

then trained several ensembles using MCCV and experimented with different numbers of 

repetitions (100, 250, 500, and 1000) to assess both stability and performance. For the 

stacking mechanism, we tested both random forest and extreme gradient boosting with 

decision trees (xgbTree) as techniques. These were selected for their demonstrated 

capability to effectively handle complex data patterns. This stacked ensemble approach 

allowed us to enhance the model’s ability to generalize across different patient profiles and 

improve the accuracy of predicting the PDQ-39 SI. 

Model Evaluation 

The performance of the models was evaluated using multiple metrics. The Mean Absolute 

Error (MAE) measures the average magnitude of the errors in predictions, providing a 

straightforward measure of the average error magnitude per prediction. The Root Mean 

Squared Error (RMSE) offers insight into the accuracy of the model by quantifying the square 

root of the average squared differences between the predicted values and actual 
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observations. Lastly, the Coefficient of Determination (R²) reflects the proportion of variance 

in the dependent variable that is predictable from the independent variables, thereby 

indicating the explanatory power of the model. These metrics collectively provide a 

comprehensive assessment of model performance. 

The ensemble model that emerged as the most effective incorporated the pre-trained ML 

models: Gaussian process with a Radial Basis Function kernel and random forest. This 

ensemble model was trained using MCCV with 1000 repetitions, with xgbTree serving as 

the stacking method. MCCV was utilized both to train and to estimate the performance of 

the ensemble model on the training dataset, while the validation set was reserved for the 

final assessment to evaluate overfitting susceptibility and ensure an unbiased evaluation of 

the model’s generalizability. 

Interpretable machine learning analysis 

To unveil the importance and effect of each feature on the predictive model, we employed 

interpretable ML techniques, particularly focusing on Permutation Feature Importance (PFI). 

Utilizing the iml package in R, this analysis facilitates a deeper understanding of the behavior 

of our final ensemble ML model [52]. The core concept of PFI is to measure the increase in 

the model’s prediction error after the permutation of each feature’s values, which effectively 

breaks the relationship between the feature and the true outcome. This process provides a 

clear indication of a feature’s importance; a significant increase in error indicates that the 

model relied heavily on the feature for prediction, whereas no change in error suggests that 

the feature was not utilized by the model for prediction [53]. 

The process of feature importance quantification involves permuting the values of each 

feature and assessing the change in the model’s performance using MAE as the chosen 

metric, due to its lower sensitivity to outliers and variability within the dataset. This procedure 

was carried out for each feature individually and repeated 100 times to obtain a more robust 

estimate, with the results averaged thereafter. 
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4.4. Results 

Performance Metrics 

In the training set, the final ensemble model achieved an MAE of 4.82, an RMSE of 8.09, 

and an R2 value of 0.75, indicating a strong fit to the data. The distributions of MAE, RMSE, 

and R2 metrics from the 1000 MCCV repetitions approximated normal distributions, as 

shown in Figure 6, Figure 7, and Figure 8. These distributions suggest that the model’s 

performance is consistent and reliable across different subsamples of the training data, 

reflecting its stability. When applied to the validation set, the model exhibited moderate 

variations in performance metrics, with an MAE of 11.22, an RMSE of 13.99, and an R2 

value of 0.36, indicating the model’s reasonable predictive capability on unseen data. A 

summary of these results is presented in Table 1. 

 

 
Figure 6: Distribution and density curve of MAE values from 1000 MCCV repetitions, demonstrating 
the consistency and reliability of the predictive model in training. 
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Figure 7: Distribution and density curve of RMSE values from 1000 MCCV repetitions, assessing the 
model’s accuracy and stability during the training phase. 
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Figure 8: Distribution and density curve of R2 values from 1000 MCCV repetitions, showcasing the 
predictive power and fit of the model to the training data. 

 

Table 1: Results. 

Metric Training Set Validation Set 
MAE 4.82 11.22 
RMSE 8.09 13.99 
R2 0.75 0.36 

 

The True vs. Predicted Values plot (Figure 9) demonstrates the relationship between the 

actual PDQ-39 SI scores and the scores predicted by the model. The plot suggests that the 

model tends to slightly overpredict at lower values and underpredict at higher values, 

indicating areas for potential refinement. The Residuals vs. Predicted Values plot (Figure 

10) shows that while most residuals are clustered around zero, there is a slight spread, 

suggesting occasional larger prediction errors. 
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Figure 9: Scatter plot showing the relationship between actual PDQ-39 SI scores (true values) and 
model predictions (predicted values). The black dots represent individual predictions, and the red 
dotted line represents the line of perfect prediction where predicted values would equal true values. 
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Figure 10: Scatter plot of residuals (errors) against predicted values, indicating prediction accuracy 
and error distribution. The black dots represent the residuals (actual value − predicted value), and 
the red dashed line represents the zero-error line. 

Interpretation 

The ensemble model demonstrated strong predictive capabilities on the training dataset, as 

indicated by the high R2 and low MAE values. However, the model performance on the 

validation set showed moderate variation. Although the model remains a promising tool for 

estimating PDQ-39 SI scores, these variations suggest areas for future research and model 

refinement. The observed variations in the validation set may be attributed to the limited size 

of the dataset and the inherent variability of HRQoL measures, both of which warrant further 

investigation. The diagnostic plots suggest that while the model generally performs well, 

addressing the slight overprediction at lower values and underprediction at higher values 

could enhance its accuracy, aligning with the variability observed in the validation set. The 

variables selected through feature selection for their significant impact on PDQ-39 SI 

predictions are listed in Table 2.  
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Feature importance and effects 

The interpretable ML analysis using the iml package in R yielded substantial insights into 

the significance of the individual features within our predictive model. Table 2 encapsulates 

the importance of each feature along with the associated 90% confidence intervals, as 

derived from Permutation Feature Importance, which quantifies the decrease in model 

accuracy when each feature’s data is randomly shuffled. Predominantly, age at diagnosis, 

patient’s country, dementia, and patient’s age emerged as the most important features 

affecting PDQ-39 SI predictions. A graphical representation of feature importance was 

generated to provide a holistic view of each feature’s contribution to the model’s predictive 

performance (Figure 11). 
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Table 2: Selected Features and their importance in PDQ-39 SI predictions a-c. 

Feature Importance 
(0.05) Importance Importance 

(0.95) 
Permutation 

error 

Age at diagnosis 1.07 1.16 1.25 13.02 

Country 1.05 1.12 1.19 12.53 

Dementia 1.02 1.09 1.11 12.26 

Age 1.02 1.09 1.19 12.24 

Depression 1.03 1.09 1.15 12.19 

Time to first levodopa prescription 
post-diagnosis 1.02 1.08 1.13 12.07 

Number of comorbidities 1 1.05 1.11 11.83 

Anxiety 1.02 1.05 1.07 11.74 

First prescribed oral medication 
contained levodopa 1 1.02 1.05 11.5 

Currently taking Rivastigmine 1 1.02 1.05 11.5 

Education 0.98 1.02 1.06 11.46 

Peripheral vascular arterial 
disease 0.99 1.01 1.04 11.37 

Diabetes (type 1 or 2) 0.99 1.01 1.02 11.32 

Currently taking Catechol-O-
methyltransferase inhibitor 0.97 1 1.03 11.21 

Currently taking Amantadine 0.98 0.99 1.01 11.07 
 

a The importance of a feature is quantified by permuting the values of the feature and measuring the 
change in the model’s performance against a baseline using MAE. The displayed results include the 
estimated importance values alongside their 90% confidence intervals, represented by the lower 
(Importance (0.05)) and upper (Importance (0.95)) limits. 
b A larger permutation error indicates higher feature importance. 
c The process was executed for each feature and repeated 100 times to obtain a more robust 
estimate, with the results averaged. 
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Figure 11: Demonstration of the feature importance of clinical variables in predicting PDQ-39 SI. 

 
Transitioning to a more detailed analysis, the Accumulated Local Effects (ALE) plots 

facilitate visual exploration of the behavior of the model, underscoring how the prediction 

shifts locally with variations in each feature. The plots for the features age at diagnosis, 

dementia, patient’s country, and patient’s age are represented in Figure 12, Figure 13, 

Figure 14, and Figure 15. The marks beneath the x-axis represent the distribution of each 

feature where observations were obtained. In the case of categorical variables such as 

dementia and the patient’s country, the marks were automatically spaced to simplify the 

visual interpretation. For the features age at diagnosis and patient’s age, regions with sparse 

or no points suggest caution in interpretation due to insufficient data.  

The ALE plot for age at diagnosis (Figure 12) indicates that the earlier the disease appears, 

the higher the scores predicted by the model on the PDQ-39 SI, and therefore the more 

likely the patients are to have a lower quality of life, which is consistent with disease 

progression. The ALE plot for the patient’s country (Figure 13) indicates a moderate impact 

on the predictions of PDQ-39 SI, with the United Kingdom showing a slightly more negative 

impact on the outcome. The ALE plot for dementia (Figure 14) demonstrates the significant 

negative impact of this comorbidity on the PDQ-39 SI predictions, highlighting its burden on 
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PD patients. The ALE plot for the patient’s age (Figure 15) demonstrates a consistent trend, 

indicating a direct influence of age on PDQ-39 SI predictions. This interpretive analysis not 

only enhances the comprehensibility of our predictive model but also extends the foundation 

for a more informed evaluation of the features affecting the PDQ-39 SI. 

 

 

Figure 12: ALE plot illustrating the effect of age at diagnosis on PDQ-39 SI predictions, showing how 
earlier or later disease appearance impacts the quality of life in PD patients. 
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Figure 13: ALE plot illustrating the effect of the patient’s country of residence on PDQ-39 SI 
predictions, highlighting the variations in the quality of life among PD patients across different 
countries. 
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Figure 14: ALE plot demonstrating how the presence of dementia affects PDQ-39 SI scores predicted 
by the model, emphasizing its considerable negative impact on the quality of life in PD patients. 
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Figure 15: ALE plot detailing the impact of age on PDQ-39 SI predictions, illustrating the direct 
influence of age increments on the PDQ-39 SI scores predicted by the model. 

4.5. Discussion 

Principal Results 

The primary achievement of this study is the successful development and validation of an 

ensemble ML model tailored to predict the PDQ-39 SI score in patients with PD. The model’s 

strong performance in the training set, particularly its high R2 value, underscores its ability 

to account for a significant proportion of the variance in PDQ-39 SI scores. This is a 

noteworthy advancement given the complex interplay of factors that can influence the quality 

of life in patients with PD. However, it is important to note that the significant difference in 

R² values between the training and validation sets indicates a potential issue of overfitting. 

The R² value in the training set was substantially higher than that in the validation set, 

suggesting that the model may have learned patterns specific to the training data that do not 

generalize well to unseen data. This is common in ML applications and serves as a valuable 

indicator of areas that may benefit from further research and optimization. Future work 

should focus on addressing this overfitting issue by exploring techniques such as 
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regularization, cross-validation, and the inclusion of more diverse training data. Additionally, 

model simplification and the use of ensemble methods with a more rigorous selection of 

base models may help enhance generalizability.  

The model’s performance in the validation set, although not as strong as that in the training 

set, still suggests that it holds promise as a tool for estimating PDQ-39 SI scores in a clinical 

setting. Despite the inherent uncertainty in predictions of patient-reported outcome 

measures, the model provides valuable insights into disease progression and highlights the 

potential impact of clinical variables on the quality of life in PD patients. This indicates that 

the model could become a useful decision-support tool, with further refinement and 

validation needed to enhance its reliability and applicability. 

The feature importance analysis conducted in this study provides a granular understanding 

of the variables that significantly impact the PDQ-39 SI score. This approach not only 

predicts the PDQ-39 SI score but also elucidates the underlying factors contributing to the 

model’s predictions, offering a more comprehensive insight into the determinants of HRQoL 

in patients with PD. The notable importance of variables such as age at diagnosis, dementia, 

and patient’s age in our model underlines the well-documented interplay among these 

factors and PD, as they are highly correlated with disease progression. Age is a recognized 

risk factor for PD, and both the prevalence and severity of the disease notably increase with 

age, underscoring the progressive nature of PD. The significant association between age 

and PD is evident from various epidemiological studies that show an exponential increase 

in PD prevalence from the age of 60 years onwards, reaching a peak in the age group of 

70–79 years [54]. Additionally, an early appearance of the disease (represented by the 

feature ‘age at diagnosis’) is associated with a greater impact on the quality of life, 

highlighting the significant burden of the disease when it manifests early. Furthermore, 

dementia is a common comorbidity in patients with PD, often exacerbating the severity of 

the disease and the patient’s quality of life. The prevalence of dementia in PD patients 

ranges between 24% and 31%, with the risk increasing substantially with age [55].  

Our model’s emphasis on age at diagnosis, dementia, and patient’s age as significant 

predictors of the PDQ-39 SI reflects the clinically observed interactions between these 

variables and PD symptom severity. This alignment with established clinical knowledge not 

only enhances the validity of our model but also underscores the potential utility of our model 

in clinical settings. Utilizing these critical predictors, healthcare providers can anticipate the 

likely trajectory of PD patients’ quality of life, aiding in the development of personalized 
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treatment plans. It is also worth noting that other variables, such as anxiety, education, and 

some comorbidities, were identified as relevant by our feature selection method but did not 

show as high importance in the final model’s predictions. These variables might still be 

important for adjusting the model to control for confounding effects and improve overall 

accuracy, even though they do not individually have strong predictive power [56]. 

Although the model does provide important information on the features affecting the PDQ-

39 SI, it is also important to highlight that the predictive capabilities still demonstrate some 

variation, especially in the validation set. This could indicate that while the clinical variables 

are useful, the features available in the dataset do not entirely capture the PDQ-39 SI. The 

observed variability suggests that there are other influential factors impacting the PDQ-39 

SI that are not represented in the current dataset. As such, future research should explore 

the inclusion of additional variables and data sources that may better reflect the complexities 

of HRQoL in PD patients. This would potentially enhance the model’s accuracy and provide 

a more comprehensive tool for clinical application. 

Limitations 

One of the key limitations of our study was the small sample size. This could have 

contributed to the observed variations in performance metrics between the training and 

validation sets as small sample sizes can significantly impact ML performance estimates 

[57]. Additionally, we decided to exclude incomplete data and only use complete 

observations, resulting in a total of 627 valid entries. This decision was necessary because 

data imputation negatively impacted model performance. Future research should aim to 

address these limitations by incorporating larger and more diverse datasets, which could 

enhance the model’s generalizability and robustness. Exploring different imputation 

methods or techniques to handle missing data more effectively might also improve model 

performance. 

Comparison with Prior Work 

Our study diverges from the approach taken by Candel-Parra et al. for predicting the PDQ-

39 SI score in patients with PD. Specifically, Candel-Parra et al. utilized classification models 

to categorize the PDQ-39 SI score into binary categories (above or below 40), whereas our 

study employed regression models to predict the actual score value [58]. This distinction is 

particularly significant given the absence of established cut-off values for the PDQ-39 SI 
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score. Classification models, such as those used by Candel-Parra et al., require such cut-

offs to categorize outcomes, introducing potential arbitrariness and statistical power loss 

when no clinically validated thresholds exist [58].  

In contrast, our regression model predicts the actual PDQ-39 SI score, providing a more 

nuanced and precise assessment of a patient’s quality of life. Treating the PDQ-39 SI scores 

as a continuous variable aligns our model more closely with the actual behavior of the 

scores, enhancing its applicability and interpretability in clinical settings. Furthermore, our 

use of explainable ML techniques allows clinicians to simulate disease progression and 

understand which variables are influencing the quality of life, providing actionable insights 

that can inform treatment decisions and patient management. This feature is particularly 

valuable, as it enables healthcare providers to tailor interventions specifically to the factors 

that have the greatest impact on a patient’s HRQoL, such as early diagnosis, dementia, and 

patient’s age. 

4.6. Conclusions 

The ensemble model developed in this study is a promising tool for healthcare providers to 

predict the HRQoL of patients with Parkinson’s Disease, thereby aiding in personalized 

treatment strategies. Given that PDQ-39 SI is commonly used as an endpoint in clinical 

trials, the ability to predict this score could offer valuable insights for trial design and patient 

management. By leveraging regression models, our approach offers a nuanced 

understanding of a patient’s quality of life, filling a gap in existing research methodologies. 

While the PDQ-39 is a reliable and valid tool for assessing HRQoL in PD patients, it primarily 

serves as a cross-sectional assessment. In contrast, our predictive model enhances the 

utility of the PDQ-39 by providing dynamic predictions of the PDQ-39 SI score based on 

readily available clinical variables. This predictive capability allows for the simulation of 

disease progression and the identification of key factors influencing HRQoL over time, such 

as age at diagnosis, dementia, and patient’s age. Consequently, clinicians can gain deeper 

insights into how individual patient characteristics and changes in clinical status impact the 

quality of life, enabling more personalized and proactive management strategies. The 

integration of explainable ML techniques further distinguishes our model by offering 

transparency into the prediction process, thereby empowering healthcare providers to 

understand and trust the model’s recommendations. The practical feature of utilizing clinical 
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variables that are typically available at the moment of use, as emphasized in a recent critique 

of predictive models, enhances the usability and real-world applicability of our model, setting 

it apart from models that depend on variables that are not readily accessible in the clinical 

context [59]. 

Although the model’s performance on the validation set exhibited moderate variation, it sets 

the stage for future research in aspects such as feature engineering, hyperparameter 

optimization, and incorporation of additional clinically relevant variables. Moreover, the 

model’s performance is likely to improve with a larger sample size, given the inherent 

variability of patient-reported outcomes, such as those measured by the PDQ-39 SI. Future 

work should also address the potential overfitting suggested by the difference in R² values 

between the training and validation sets. 

While the model does provide important insights into the features affecting the PDQ-39 SI, 

it is essential to recognize that the predictive capabilities still demonstrate some variation, 

especially in the validation set. This variability suggests that the current dataset’s features 

do not entirely capture the PDQ-39 SI, indicating that additional variables and data sources 

might be necessary to better reflect the complexities of HRQoL in PD patients. Future 

research should explore these additional factors to enhance the model’s accuracy and 

provide a more comprehensive tool for clinical application. 

The potential impact of the model on clinical practice and clinical trials underscores its value 

as a significant contribution to the field. Furthermore, the broader implications of this work 

have the potential to significantly influence how healthcare providers approach PD 

treatment, thereby contributing to more personalized and effective care. 
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5.1. Abstract 

Background: Parkinson's disease (PD) considerably impacts health-related quality of life 

(HRQoL) through motor and non-motor symptoms. The Parkinson’s Disease Questionnaire-

39 (PDQ-39) is the most widely used tool to assess HRQoL, encompassing eight dimensions 

and a Summary Index providing an overall score. Despite advances in machine learning 

(ML) for predicting disease symptoms and progression, its application to predict HRQoL 

across these dimensions remains underexplored. 

Methods: This study uses complete-case data for 478 of 861 patients from PRISM, a cross-

sectional observational survey conducted in six European countries in 2018–2019. 

Participants were adults with PD recruited through advocacy groups and clinical centers who 

completed online assessments, providing data on demographics, medication, comorbidities, 

and disease characteristics (Tolosa et al., 2021). ML models were trained to predict PDQ-

39 dimensions and Summary Index scores (0–100; higher = worse HRQoL). Features were 

preselected using the Boruta algorithm on the training data. Model selection was based on 

the lowest mean RMSE from 100 bootstrap resamples on the training set. Selected models 

were then retrained using 1000 bootstrap resamples for robust performance estimation. 

Final performance was evaluated on a held-out 20% validation set using R², MAE, and 

RMSE. Feature importance was assessed using permutation importance with MAE loss 

(100 permutations) on the held-out validation set. Factor Analysis of Mixed Data (FAMD) 

was used to explore patterns between non-motor symptoms and PDQ-39. 

Results: Selected models: xgbTree (Summary Index; Activities of Daily Living) and 

gaussprPoly (all other PDQ-39 dimensions). On the validation set, Summary Index/ 

Cognitions showed the strongest performance with R² = 0.56/0.53, MAE = 9.60/12.39, 

RMSE = 12.66/16.20. Permutation feature importance ranked the Non-Motor Symptoms 

Questionnaire score (sum of 30 non-motor symptoms, range 0-30) as the most important 

predictor across all models. FAMD showed clustering of Social Support, Bodily Discomfort, 

and Stigma dimensions with Anxiety. 

Conclusions: Our findings demonstrate the critical role of non-motor symptoms in 

predicting HRQoL in patients with PD. While ML models effectively predict overall HRQoL 

and cognitive aspects, achieving comparable performance on other dimensions may require 

additional variables to reduce error. These insights emphasize comprehensive treatment 

strategies addressing both motor and non-motor symptoms. 
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5.2. Background 

Parkinson’s disease (PD) is a progressive neurodegenerative disorder that affects millions 

of people worldwide, with its global prevalence more than doubling between 1990 and 2015, 

highlighting the growing burden of this condition [38], [60]. PD is primarily characterized by 

motor symptoms such as resting tremor, rigidity, bradykinesia, and postural instability, which 

are often accompanied by a variety of non-motor symptoms (NMS), including cognitive 

impairment, mental health disorders, sleep disturbances, pain, and sensory disturbances 

[37], [38], [39]. These symptoms considerably reduce the health-related quality of life 

(HRQoL) in individuals with PD, making HRQoL an essential outcome measure in both 

clinical settings and research [34]. 

HRQoL instruments, particularly disease-specific measures, have become invaluable in 

capturing the personal impact of PD and the changes experienced by patients over time. 

Among these instruments, the Parkinson's Disease Questionnaire-39 (PDQ-39) is the most 

widely used and validated tool for assessing HRQoL in patients with PD [22], [23], [34], [41]. 

It covers eight dimensions of HRQoL: Activities of Daily Living, Bodily Discomfort, 

Cognitions, Communication, Emotional Well-Being, Mobility, Social Support, and Stigma, 

providing a comprehensive overview of the disease's impact on HRQoL [21]. As a patient-

reported outcome measure, the PDQ-39 reflects outcomes that matter to patients and aligns 

with regulatory guidance: both the European Medicines Agency and the U.S. Food and Drug 

Administration emphasize the use of validated instruments to inform benefit–risk 

assessment and, when appropriate, to support claims in product labeling [61], [62]. 

The PDQ-39 Summary Index, hereafter referred to as the Summary Index, is a composite 

score derived from the individual eight dimensions of the PDQ-39 and is frequently used in 

clinical trials as a primary outcome measure to evaluate the overall impact of PD on patients' 

lives [42], [43]. While the Summary Index provides a valuable summary of HRQoL, it can 

obscure the nuances captured by the individual dimensions, each reflecting a distinct aspect 

of the disease's impact. Understanding the relationship between these dimensions and 

clinical variables is crucial for tailoring interventions to address the specific challenges faced 

by patients with PD. However, this remains challenging due to the complex and multifaceted 

nature of the disease, where symptoms can vary widely among individuals. Notably, non-
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motor symptoms (NMS), which are often among the most disabling yet under-recognized 

aspects of PD, have been shown to considerably impact the quality of life [41]. The Non-

Motor Symptoms Questionnaire (NMSQ) is a self-reported instrument of 30 yes/no items 

covering common non-motor symptoms in PD. The total NMSQ score is obtained by 

summing the number of symptoms the patient reports, yielding a score from 0 to 30, with 

higher scores reflecting a greater burden of non-motor symptoms. This simple sum provides 

a practical, validated measure of overall non-motor symptom burden in PD [63]. 

Traditional statistical models often fall short in capturing the nonlinear and high-dimensional 

relationships between the diverse clinical manifestations of PD and HRQoL. In response, 

ML methods have gained traction for their ability to model such complexity, with 

demonstrated success in predicting disease progression, motor subtypes, and treatment 

response [29], [44], [45], [46], [64], [65], [66], [67], [68], [69]. While these advances highlight 

the potential of ML in neurodegenerative disease modeling, most applications to date have 

concentrated on motor symptoms, digital monitoring, and disease classification. 

In contrast, ML models targeting HRQoL in PD, particularly using the PDQ-39, remain 

limited. Most existing studies treat HRQoL as a secondary outcome or focus solely on the 

global Summary Index, overlooking the predictive modeling of its individual dimensions [58], 

[70], [71], [72]. Building on our earlier work published in the Journal of Clinical Medicine 

(2024), which focused on predicting the Summary Index, this study addresses a critical gap 

by extending the analysis to the eight individual PDQ-39 dimensions. By doing so, we aim 

to enhance the understanding of dimension-specific quality-of-life impacts and support more 

personalized clinical decision-making in PD care. 

This study aims to achieve two critical objectives: first, to explore and clarify the relationship 

between standard clinical variables and both the PDQ-39 dimensions and the Summary 

Index; second, to develop and assess the potential of ML models for predicting these 

outcomes. By incorporating explainable ML techniques, this study seeks to enhance 

clinicians' understanding of HRQoL outcomes, offering deeper insights into the factors most 

strongly associated with the different dimensions of HRQoL in PD. This approach is intended 

to inform more personalized treatment strategies, ultimately improving care and HRQoL for 

patients with PD. 
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5.3. Materials and Methods 

Study overview and analysis workflow 

Figure 16 summarizes the workflow from the PRISM data source and analytic sample 

selection through model development, evaluation, and interpretability. It is intended as an 

overview; full details are provided in the subsequent Methods subsections. 

 

Figure 16. Diagram of the study’s workflow. PRISM, Parkinson’s Real-world Impact assesSMent; 
PDQ-39, Parkinson's Disease Questionnaire-39; NMSQ, Non-Motor Symptoms Questionnaire; 
RMSE, Root Mean Squared Error; MAE, Mean Absolute Error; R², Coefficient of Determination; ALE, 
Accumulated Local Effects; FAMD, Factor Analysis of Mixed Data. Note: “Recode categorical 
variables” refers to converting categorical variables to suitable numeric/dummy-coded variables for 
modeling. Model selection was performed using the training set only; the validation set was reserved 
for final, unbiased performance assessment. 
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Database 

The data for this study were sourced from the Parkinson’s Real-world Impact assesSMent 

(PRISM) study, a cross-sectional observational research initiative conducted across six 

European countries: France, Germany, Italy, Portugal, Spain, and the United Kingdom. 

Detailed information on the study design and recruitment can be found in Tolosa et al., 2021 

[36]. The PRISM study included 861 patients with PD and 256 caregivers, recruited via 

patient advocacy groups and clinical centers. Participants completed a comprehensive 

online survey comprising validated instruments, including the PDQ-39, the NMSQ, as well 

as questions on demographics, medication, comorbidities, disease characteristics, and 

healthcare resource utilization. This diverse database supports robust modeling and 

generalizability to the wider European PD population. 

Data preparation and analysis 

The PRISM dataset underwent a data cleaning process using R statistical software (version 

4.3.2) [48]. Subsequently, all analyses were performed with the same software to ensure 

consistency and reproducibility. For categorical variables such as gender, medication, and 

comorbidities, responses like “prefer not to say” and “other” were recoded as missing, as 

these options do not provide analyzable clinical information and would introduce noise if 

retained. Most variables in the dataset had low rates of missing data; however, a notable 

exception was observed for the NMSQ, which had 31.2% missing responses. This suggests 

a pattern of survey fatigue, where respondents' engagement decreased as the questionnaire 

progressed, leading to an increased number of missing responses. This indicates that the 

missing data in the NMSQ likely follow a missing not at random (MNAR) pattern, suggesting 

an attrition effect in survey completion. Additionally, the variables “age at diagnosis” and 

“current medication” exhibited an MNAR pattern, likely due to patients not recalling their age 

at PD diagnosis or being unaware of their current medication. 

Although we initially attempted to address missing values using Multivariate Imputation by 

Chained Equations (MICE), this approach resulted in models with worse predictive 

capabilities [49]. Therefore, only cases with complete data for all variables required for 

modeling were retained, resulting in a final analytic sample of 478 patients. No missing data 

remained in the analytic sample.  
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The analytic sample (n=478) comprised 46.9% female and 53.1% male participants, with a 

mean age of 65.6 years (Standard Deviation (SD) = 9.7 years). The distributions of the PDQ-

39 dimensions and Summary Index are depicted in Figure 17. The distribution of the NMSQ 

score is displayed in Figure 18. Table 3 provides an overview of key variables from the 478 

complete observations from PRISM database. 

 

Figure 17: Distribution and density plots of PDQ-39 dimensions and Summary Index scores across 
478 patients from the PRISM study. 
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Figure 18: Distribution and density of NMSQ score across 478 patients from the PRISM study. 

 

Table 3: Descriptive Statistics of the complete observations from PRISM Database. 

Characteristics Overall 
(N=478) 

Demographics  

Age, years  

Mean (SD) 65.6 (9.7) 

Median [IQR] 66.0 [59.0;72.0] 

Min, Max [38.0;91.0] 

Gender  

Female 224 (46.9%) 

Male 254 (53.1%) 

Country  

France 19 (4.0%) 

Germany 50 (10.5%) 

Italy 141 (29.5%) 

Portugal 45 (9.4%) 



86 
 

Characteristics Overall 
(N=478) 

Spain 82 (17.2%) 

UK 141 (29.5%) 

Education  

University 206 (43.1%) 

No University 272 (56.9%) 

NMS Questionnaire  

Mean (SD) 12.5 (5.9) 

Median [IQR] 12.0 [8.0;17.0] 

Min, Max [0.0;28.0] 

Comorbidities  

Anxiety 72 (15.1%) 

Asthma 25 (5.2%) 

Cancer 23 (4.8%) 

Chronic Obstructive Pulmonary 
Disease 

10 (2.1%) 

Dementia 24 (5.0%) 

Depression 97 (20.3%) 

Diabetes (type 1 or 2) 29 (6.1%) 

Gastric ulcer 22 (4.6%) 

Heart issues 36 (7.5%) 

High blood pressure 126 (26.4%) 

Kidney disease 9 (1.9%) 

Liver disease 8 (1.7%) 

Peripheral vascular arterial disease 18 (3.8%) 

Rheumatic diseases 44 (9.2%) 

Stroke 7 (1.5%) 

PD Medication (current)  

Amantadine 47 (9.8%) 

Anticholinergics 8 (1.7%) 

Catechol-O-methyltransferase 
inhibitor 60 (12.6%) 

Dopamine agonists 248 (51.9%) 

Levodopa 404 (84.5%) 

Monoamine oxidase-B 
inhibitor 191 (40.0%) 

Rivastigmine 17 (3.6%) 
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Characteristics Overall 
(N=478) 

PDQ-39   

Activities of Daily Living  

Mean (SD) 30.7 (27.1) 

Median [IQR] 20.8 [8.3;45.8] 

Min, Max [0.0;100.0] 

Bodily Discomfort  

Mean (SD) 39.9 (23.1) 

Median [IQR] 41.7 [18.8;58.3] 

Min, Max [0.0;91.7] 

Cognitions  

Mean (SD) 31.7 (22.6) 

Median [IQR] 31.2 [12.5;43.8] 

Min, Max [0.0;93.8] 

Communication  

Mean (SD) 25.7 (23.5) 

Median [IQR] 16.7 [8.3;41.7] 

Min, Max [0.0;100.0] 

Emotional Well-Being  

Mean (SD) 33.1 (23.5) 

Median [IQR] 29.2 [12.5;50.0] 

Min, Max [0.0;100.0] 

Mobility  

Mean (SD) 35.8 (29.9) 

Median [IQR] 30.0 [10.0;57.5] 

Min, Max [0.0;100.0] 

Social Support  

Mean (SD) 16.7 (19.7) 

Median [IQR] 8.3 [0.0;25.0] 

Min, Max [0.0;91.7] 

Stigma  

Mean (SD) 21.7 (21.4) 

Median [IQR] 18.8 [6.2;31.2] 

Min, Max [0.0;87.5] 

Summary Index  

Mean (SD) 29.4 (17.9) 
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Characteristics Overall 
(N=478) 

Median [IQR] 25.1 [15.2;41.3] 

Min, Max [1.3;89.3] 

IQR, interquartile range; NMS, Non-Motor Symptoms; PD, Parkinson’s disease; PDQ-39, Parkinson's 
Disease Questionnaire-39; SD, standard deviation. 

 

Internal consistency of the PDQ-39 Summary Index and its eight dimensions was assessed 

using Cronbach’s α in the retained sample (n = 478). Scoring followed standard procedures, 

with all scores ranging from 0 to 100 and higher scores reflecting worse HRQoL. There were 

no missing items for the PDQ-39 in the analytic sample. 

The dataset was then randomly partitioned into training (80%) and validation (20%) sets. 

This allocation allows for comprehensive model training on a diverse range of responses, 

critical for capturing the nuanced patterns of HRQoL assessments in PD, while still reserving 

a portion of the data for essential validation to assess model performance and overfitting. 

Model training 

We selected machine learning approaches for their scalability and proven ability to capture 

complex, nonlinear relationships that are often missed by traditional statistical models. This 

framework supports robust prediction in moderate-sized datasets and can be readily 

extended to larger cohorts as more data becomes available. 

For feature selection, we used the Boruta algorithm. This method is based on Random 

Forest models and works by checking which variables are truly useful for predicting each 

PDQ-39 dimension and the Summary Index [73], [74], [75], [76]. Feature selection was 

performed exclusively on the training set after the initial 80/20 train/validation split, to avoid 

information leakage. Using this approach, we identified nine distinct sets of features specific 

to each of the PDQ-39 dimensions and the Summary Index (see Table 6 in the Results 

section). These nine sets were then utilized in training a diverse range of ML models, namely 

linear regression, boosted generalized linear model, extreme gradient boosting with linear 

models and decision trees, ridge regression, neural network regression, LASSO regression, 

random forest, k-nearest neighbors, support vector machines with radial basis function and 

polynomial kernels, and Gaussian processes (linear, polynomial, and radial kernels), 
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incorporating essential pre-processing steps such as centering and scaling with the caret 

package [50]. 

To evaluate the performance and stability of these models in a dataset characterized by 

limited size and high variability, we utilized bootstrap resampling exclusively on the training 

set, using the standard nonparametric (Efron’s) bootstrap method [50], [77]. Bootstrap is a 

well-established approach that provides a more reliable estimate of the generalizability of 

machine learning models, particularly in smaller datasets, by generating multiple resampled 

sets and reducing the bias inherent in model evaluation [78]. Initially, each candidate model 

was evaluated using 100 bootstrap resamples, and the model with the lowest average Root 

Mean Squared Error (RMSE) in the training set was selected for each outcome, as RMSE 

is widely recognized for its effectiveness in assessing predictive performance by penalizing 

larger errors more than smaller ones [78]. The selected models were then retrained on the 

training set using 1000 bootstrap resamples to obtain robust estimates of their predictive 

performance.  

The held-out validation set (20% of the data) was reserved strictly for final, unbiased model 

evaluation and was not subjected to bootstrap resampling. Validation set metrics were 

calculated as single-point estimates to reflect true out-of-sample predictive performance.  

Model evaluation 

The performance of the models was evaluated using multiple metrics on both the training 

set (80%) and the validation set (20%) to assess generalizability and overfitting. The 

validation set was specifically reserved for the final evaluation to ensure an unbiased 

assessment of models’ performance. Mean Absolute Error (MAE) quantifies the average 

magnitude of prediction errors, providing a straightforward measure of how much predicted 

values deviate from true values. RMSE offers insight into the typical magnitude of prediction 

errors by emphasizing larger errors due to its squared nature, while the Coefficient of 

Determination (R²) indicates the proportion of variance in the dependent variable explained 

by the model, highlighting its explanatory power. In addition to these metrics, scatter plots 

of predicted versus true values were used to evaluate how well predictions matched the 

observations, and studentized residual plots were examined for patterns or systematic 

errors. Together, these quantitative and visual evaluation tools provide a comprehensive 

assessment of model performance and robustness.  
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Because the Summary Index captures overall HRQoL and each model targets different 

aspects of patient experience, we evaluated and compared the predictive performance 

across all models. This allows us to see whether overall or specific outcomes are predicted 

with lower error and gives a broader view of which aspects of HRQoL are most predictable 

in this dataset. 

Interpretable machine learning analysis 

To elucidate the importance and model reliance on each feature within our predictive 

models, we employed interpretable ML techniques, with a particular focus on Permutation 

Feature Importance (PFI). Utilizing the iml package in R, PFI provides deeper insight into 

the behavior of the ML models [52]. The core concept of PFI is to measure the increase in 

the model's prediction error after the permutation of each feature's values, which disrupts 

the relationship between the feature and the true outcome. A considerable increase in error 

indicates that the model depends heavily on that feature for predictions, while minimal or no 

change implies that the feature is not as relevant in the predictive process [79]. However, 

it's crucial to recognize that even features with minimal changes in prediction error may still 

contribute meaningfully to the overall performance of the model. These variables, while not 

strongly predictive on their own, can add complementary information and interact with other 

predictors, which may enhance model generalizability [56]. Feature importance was 

estimated using the final fitted model (i.e., the best-performing algorithm for each dimension 

and the Summary Index) applied to the independent validation set. We assessed feature 

importance in our models using MAE as the error metric for PFI calculations. This process 

was repeated 100 times to ensure robust estimates, with the results averaged to provide a 

clearer view of the models' reliance on each variable.  

Additionally, to understand the impact of specific variables on our outcomes, we employed 

Accumulated Local Effects (ALE) plots. ALE plots allow us to visualize the effect of a feature 

on the predicted outcome while accounting for interactions with other features, particularly 

in datasets with correlated predictors [79], [80]. By generating ALE plots for the most relevant 

features identified through PFI, we were able to interpret how changes in these features 

affect the PDQ-39 dimensions and the Summary Index. 

Furthermore, during our analysis, we observed that the NMSQ score (sum of non-motor 

symptoms reported by the patient) consistently ranked as the most important predictor 
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across all ML models, when compared to the full set of clinical and demographic variables 

included in the models (see Table 6 in the Results section). 

Exploratory multivariate analysis using FAMD 

Given that the NMSQ comprises 30 items assessing various symptoms, we performed a 

Factor Analysis of Mixed Data (FAMD) to explore the underlying structure and relationships 

among these items, the eight PDQ-39 dimensions, and the Summary Index. FAMD is 

particularly suited for mixed data types and simplifies data complexity by identifying principal 

dimensions that capture the most variance (inertia) in the dataset [81]. This approach 

elucidates how variables co-vary by grouping associated variables in proximity, thereby 

revealing underlying patterns and dimensions. FAMD is exploratory and should not be 

interpreted as indicating predictive importance or causality. 

5.4. Results 

Psychometric Properties of the PDQ-39 

Internal consistency of the PDQ-39 Summary Index and its eight dimensions was assessed 

using Cronbach’s 𝛼𝛼. Reliability was excellent for the Summary Index (α = 0.96) and generally 

high for individual dimensions, ranging from α = 0.71 (Bodily Discomfort) to α = 0.96 

(Mobility). Detailed results for all dimensions are presented in Table 4.  
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Table 4: Internal consistency (Cronbach’s 𝛼𝛼) for the PDQ-39 Summary Index and individual 
dimensions (0–100 scale, n = 478). 

Dimensions Cronbach 𝛼𝛼 

Activities of Daily Living 0.91 

Bodily Discomfort 0.71 

Cognitions 0.77 

Communication 0.83 

Emotional Well-Being 0.90 

Mobility 0.96 

Social Support 0.73 

Stigma 0.76 

Summary Index 0.96 

Cronbach's α ≥ 0.70 indicates acceptable internal consistency; α ≥ 0.80 indicates good consistency; 
α ≥ 0.90 indicates excellent consistency. 

 

Predictive Model Performance 

Performance metrics for the training set are reported as mean (95% CI) [SD] from 1000 

bootstrap resamples; validation set values are single point estimates from the independent 

validation set. Table 5 presents a summary of the performance metrics (MAE, RMSE, and 

R²) for both training and validation sets, alongside the selected models for each PDQ-39 

dimension and the Summary Index. The Extreme Gradient Boosting with Decision Trees 

(xgbTree) model was selected as the best-performing model for both the Summary Index 

and the Activities of Daily Living dimension, while the Gaussian Process with Polynomial 

Kernel (gaussprPoly) was chosen for all other dimensions. 
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Table 5:  Results. 

PDQ-39 

dimension / 

Summary Index 

Training Validation 
Model 

selected MAE RMSE R² MAE RMSE R² 

Activities of 

Daily Living 

15.12  

(13.52-16.98) 

[0.89] 

19.40  

(17.21-21.80) 

[1.14] 

0.47  

(0.35-0.57) 

[0.06] 

18.33 24.41 0.33 xgbTree 

Bodily 

Discomfort 

15.27  

(13.79-16.78) 

[0.77] 

18.90 

(17.09-20.63) 

[0.91] 

0.29  

(0.18-0.40) 

[0.05] 

17.82 21.63 0.32 
gaussprP

oly 

Cognitions 

12.55  

(11.29-13.88) 

[0.67] 

15.64  

(13.96-17.14) 

[0.82] 

0.52  

(0.41-0.61) 

[0.05] 

12.39 16.20 0.53 
gaussprP

oly 

Communication 

14.89  

(13.34-16.41) 

[0.80] 

18.88  

(16.83-20.91) 

[1.07] 

0.36  

(0.25-0.47) 

[0.06] 

13.70 18.44 0.37 
gaussprP

oly 

Emotional Well-

Being 

13.45  

(12.08-14.83) 

[0.74] 

17.24  

(15.49-18.99) 

[0.91] 

0.46 

(0.36-0.56) 

[0.05] 

14.78 19.50 0.36 
gaussprP

oly 

Mobility 

17.96 

(16.30-19.64) 

[0.87] 

22.14  

(19.99-24.31) 

[1.12] 

0.44  

(0.33-0.54) 

[0.05] 

18.02 22.88 0.48 
gaussprP

oly 

Social Support 

13.50  

(12.16-14.90) 

[0.70] 

17.44  

(15.49-19.41) 

[1.04] 

0.17  

(0.08-0.28) 

[0.05] 

14.87 19.08 0.26 
gaussprP

oly 

Stigma 

15.49  

(14.00-17.02) 

[0.80] 

19.40  

(17.34-21.54) 

[1.08] 

0.20  

(0.09-0.30) 

[0.05] 

14.96 19.34 0.23 
gaussprP

oly 

Summary Index 

8.99  

(8.04-9.91) 

[0.49] 

11.45 

(10.16-12.73) 

[0.64] 

0.58  

(0.48-0.67)  

[0.05] 

9.60 12.66 0.56 xgbTree 

Values for the training set are reported as mean (95% CI) [SD] from 1000 bootstrap resamples. 
Validation set metrics are single-point estimates computed on the independent validation set. All 
model predictors were standardized (centered and scaled) using caret’s preprocessing step prior to 
training. MAE, Mean Absolute Error; RMSE, Root Mean Squared Error; R², Coefficient of 
Determination. 
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Training and validation results were broadly similar across outcomes, indicating limited 

overfitting. The Summary Index model outperformed the individual dimensions models, 

achieving the lowest MAE (9.60) and RMSE (12.66), and the highest R² (0.56) in the 

validation set. The Cognitions dimension model also demonstrated strong predictive 

performance, with an R² of 0.53, MAE of 12.39, and RMSE of 16.20 in the validation set. 

This indicates that the model explained over half of the variance in Cognitions scores and 

produced relatively low average prediction errors, suggesting good predictive performance 

for this dimension. 

The Mobility model explained nearly half the variance (R²=0.48) but had relatively high 

MAE/RMSE (18.02/22.88), suggesting substantial average prediction errors. This indicates 

that while the model captures general trends in Mobility, its predictions for individual patients 

may lack precision due to larger errors. The Emotional Well-Being model had an R² of 0.36, 

with an MAE of 14.78 and RMSE of 19.50. Although the R² is lower than that of the Mobility 

model, the lower MAE and RMSE values indicate smaller average prediction errors, 

reflecting moderate predictive capability with better precision compared to the Mobility 

model. 

Interestingly, the models for Stigma and Social Support, despite having lower R² values 

(0.23 and 0.26, respectively), exhibited lower MAE and RMSE values compared to models 

like Mobility. The Stigma model had an MAE of 14.96 and RMSE of 19.34, while the Social 

Support model had an MAE of 14.87 and RMSE of 19.08. These lower error metrics suggest 

that, on average, the predictions for Stigma and Social Support were closer to the true 

values, even though the models explained less variance in the outcomes. This could be 

attributed to lower variability in the Stigma and Social Support scores, where even small 

prediction errors can result in lower R² values due to the limited variance in these 

dimensions. 

The Activities of Daily Living and Bodily Discomfort models showed lower predictive 

performance. The Activities of Daily Living model had an R² of 0.33, with the highest MAE 

(18.33) and RMSE (24.41), indicating considerable prediction errors. Similarly, the Bodily 

Discomfort model had an R² of 0.32, an MAE of 17.82, and an RMSE of 21.63. These higher 

error metrics suggest that these dimensions were more challenging to predict, likely 

reflecting variability from factors not captured by the available features. 
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Scatter and Residuals Analysis 

In Figure 19, which presents scatter plots of predicted versus true values, the Summary 

Index model demonstrates the best fit, with predictions closely clustering around the red 

dashed line, reflecting its superior performance metrics. Cognitions, Emotional Well-Being, 

and Communication also show an adequate fit, with reasonable alignment between 

predicted and true values. However, for Mobility, while the model performs well for lower 

true values, it tends to underpredict higher scores. Similarly, the models for Bodily 

Discomfort, Social Support, and Stigma slightly overpredict lower values and underpredict 

higher ones, indicating a regression toward the mean. The Activities of Daily Living model 

emerges as having the highest prediction error, with substantial deviations from the red 

dashed line, signaling lower predictive performance. 
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Figure 19. Predicted vs True Values for PDQ-39 Dimensions and Summary Index. The black dots 
represent individual predictions, and the red dashed line represents the line of perfect prediction 
where predicted values would equal true values. Predictions were generated on the independent 
validation set using the following fitted algorithms: xgbTree for Summary Index and Activities of Daily 
Living; and gaussprPoly for all other dimensions. 

In Figure 20, which presents residual plots for each model, we observe distinct patterns in 

model performance. The residuals for the Summary Index are evenly distributed around 

zero with low spread, reflecting a well-fitted model with strong predictive performance. 

Similarly, the Cognitions and Emotional Well-Being models show residuals that are clustered 

around zero, indicating a solid fit and minimal error variance. Both Communication and 

Bodily Discomfort exhibit a wider spread of residuals from zero, although their distribution 



97 
 

remains centered, indicating moderate performance. While these models capture some 

trends in the data, their larger residual spread suggests less precision compared to models 

like the Summary Index and Cognitions. The Mobility model demonstrates a good fit for 

lower predicted values, but exhibits an asymmetrical spread at higher values, with a greater 

number of residuals above zero, suggesting underprediction for larger outcomes. The 

models for Activities of Daily Living and Stigma exhibit larger residuals across the prediction 

spectrum. In particular, Activities of Daily Living shows consistently large errors, indicating 

poor performance, while Stigma and Social Support display heteroscedasticity, with 

increasing residual variance as predicted values rise, indicating that the models become 

less reliable when predicting higher values. 
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Figure 20. Studentized residuals for each PDQ-39 dimension and Summary Index model, plotted 
against predicted values from the validation set. The red dashed line indicates zero residual error. 
The orange dotted lines mark ±2 standard deviations. Residuals were generated on the independent 
validation set using the following fitted algorithms: xgbTree for Summary Index and Activities of Daily 
Living; and gaussprPoly for all other dimensions. 
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Overall, the scatter and residual analyses confirm varying model performance: Summary 

Index, Cognitions, and Emotional Well-Being demonstrate strong predictive capabilities. 

Communication and Bodily Discomfort show moderate performance, and Activities of Daily 

Living exhibits the poorest performance. Four models display specific patterns: 

Communication, Social Support, and Stigma exhibit heteroscedasticity, while Mobility shows 

asymmetric residual distribution. 

Feature Importance 

In Figure 21, the feature importance analysis highlights the universal relevance of the NMSQ 

score across all models, consistently ranking as the top predictor in every PDQ-39 

dimension and the Summary Index. These findings reinforce the central predictive role of 

NMSQ and align with prior evidence that greater non-motor symptom burden is highly 

associated with poorer HRQoL [70], [71], [82]. Other clinical variables also showed 

importance in specific dimensions. Age was particularly relevant in both Mobility and 

Activities of Daily Living. Notably, for Mobility, age had nearly the same importance as the 

NMSQ score, indicating its critical role in predicting outcomes in this dimension. Dementia 

emerged as an important predictor in the Cognitions dimension, aligning with the well-

established link between cognitive decline and dementia in patients with PD. Despite these 

findings, the overall predictive contribution of these clinical variables was less pronounced 

than that of the NMSQ score. Feature importance values for all selected variables are 

displayed in Table 6. 
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Figure 21. Feature importance for predictive models of PDQ-39 dimensions and Summary Index. 
Importance was assessed as the mean increase in MAE after permuting each feature (100 
permutations), using the final fitted models applied to the independent validation set. 
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Table 6: Features selected by Boruta algorithm and their permutation-based importance in each PDQ-
39 dimension and Summary Index model. 

Variables  Importance Permutation error 

Activities of Daily Living model   

NMSQ score 1.27 23.21 

Age 1.17 21.47 

Dementia 1.08 19.74 

Age at diagnosis 1.05 19.27 

Currently taking Monoamine oxidase-B inhibitor 1.02 18.61 

Cancer 1.01 18.45 

Number of comorbidities 1.00 18.33 

Peripheral vascular arterial disease 1.00 18.33 

Gastric ulcer 1.00 18.33 

Anxiety 1.00 18.29 

Currently taking rivastigmine 1.00 18.26 

Gender 0.99 18.18 

Country 0.98 18.00 

Bodily Discomfort model   

NMSQ score 1.26 22.48 

Gender 1.05 18.62 

Dementia 1.01 18.06 

Number of comorbidities 1.00 17.90 

First prescribed oral medication contained levodopa 1.00 17.85 

Age at diagnosis 1.00 17.84 

Age 1.00 17.83 

Cancer 1.00 17.78 

Anxiety 1.00 17.76 
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Variables  Importance Permutation error 

Cognitions model 

NMSQ score 1.57 19.39 

Dementia 1.11 13.78 

Currently taking rivastigmine 1.02 12.58 

Age 1.02 12.58 

Country 1.01 12.50 

Depression 1.01 12.48 

Heart issues 1.01 12.46 

Gastric ulcer 1.01 12.46 

Peripheral vascular arterial disease 1.01 12.46 

Age at diagnosis 1.00 12.44 

Number of comorbidities 1.00 12.44 

First prescribed oral medication contained levodopa 1.00 12.40 

Communication model   

NMSQ score 1.39 19.04 

Age at diagnosis 1.06 14.59 

Dementia 1.06 14.57 

Age 1.02 13.95 

Country 1.01 13.89 

Depression 1.00 13.71 

Anxiety 1.00 13.69 

Currently taking rivastigmine 1.00 13.65 

Currently taking Monoamine oxidase B inhibitor 0.99 13.61 

First prescribed oral medication contained levodopa 0.99 13.61 

Cancer 0.99 13.59 

Number of comorbidities 0.99 13.56 
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Variables  Importance Permutation error 

Emotional Well-Being model   

NMSQ score 1.39 20.53 

Depression 1.06 15.70 

Gender 1.03 15.16 

Number of comorbidities 1.02 15.03 

Anxiety 1.01 14.99 

Country 1.01 14.96 

Dementia 1.00 14.85 

Age 1.00 14.74 

Peripheral vascular arterial disease 0.99 14.60 

Age at diagnosis 0.98 14.47 

Mobility model   

NMSQ score 1.27 22.80 

Age 1.25 22.48 

Age at diagnosis 1.06 19.09 

Dementia 1.05 18.91 

First prescribed oral medication contained levodopa 1.02 18.42 

Currently taking rivastigmine 1.01 18.29 

Depression 1.01 18.27 

Peripheral vascular arterial disease 1.01 18.21 

Currently taking Levodopa 1.01 18.12 

Anxiety 1.00 18.09 

Rheumatic diseases 1.00 17.99 

Number of comorbidities 1.00 17.97 
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Variables  Importance Permutation error 

Social Support model 

NMSQ score 1.21 17.93 

Age at diagnosis 1.02 15.12 

Age 1.01 14.95 

Anxiety 1.00 14.92 

Number of comorbidities 1.00 14.89 

Gastric ulcer 1.00 14.87 

Depression 1.00 14.87 

Stigma model   

NMSQ score 1.21 18.07 

Age 1.07 15.96 

First prescribed oral medication contained levodopa 1.06 15.82 

Currently taking rivastigmine 1.04 15.62 

Anxiety 1.04 15.55 

Kidney disease 1.04 15.49 

Age at diagnosis 1.01 15.14 

Summary Index model   

NMSQ score 1.77 17.00 

Dementia 1.04 10.03 

Age 1.04 10.02 

Age at diagnosis 1.04 9.94 

Cancer 1.01 9.69 

Depression 1.00 9.62 

Peripheral vascular arterial disease 1.00 9.62 

Anxiety 1.00 9.60 

Gastric ulcer 1.00 9.60 
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Variables  Importance Permutation error 

Currently taking rivastigmine 1.00 9.60 

Country 1.00 9.59 

Number of comorbidities 1.00 9.59 

Features selected through Boruta for each of the models. Feature Permutation Importance: Mean 
increase in MAE after permuting the feature (100 permutations); permutation error: standard deviation 
of the MAE increase across permutations. 

 

Accumulated Local Effects 

The ALE plots in Figure 22 illustrate the effect of increasing NMSQ scores on the predicted 

values for each dimension and the Summary Index. ALE plots allow us to visualize the 

isolated effect of a single feature, in this case, the NMSQ scores, on the models’ predictions 

while accounting for interactions with other features. The x-axis represents the NMSQ score 

values, and the y-axis represents the accumulated local effect of these scores on the 

predicted outcomes, centered around zero, where zero indicates no impact on the predicted 

outcome. An upward trend in ALE values indicates that as NMSQ scores increase, the model 

predicts worsening HRQoL outcomes, reflecting the detrimental impact of non-motor 

symptoms.  

In general, higher NMSQ scores were associated with worsening HRQoL, as evidenced by 

increasing ALE values across dimensions. However, the pattern and strength of this 

relationship varied by dimension. Both the Activities of Daily Living dimension and the 

Summary Index displayed pronounced stepwise patterns in the ALE plots, which is 

consistent with the behavior of the tree-based extreme gradient boosting models (xgbTree) 

selected for these two outcomes. These models create plateaus and jumps in predictions, 

which appear as steps in the ALE curves. The discrete NMSQ score scale (0–30) may 

further accentuate this appearance. In contrast, the Stigma dimension showed a steep 

increase at higher NMSQ scores, highlighting the pronounced impact of non-motor 

symptoms on patients' perceived social standing and experiences of stigma. For the 

remaining dimensions, the relationship between NMSQ scores and predicted outcomes 

appeared fairly linear, indicating a consistent association between higher NMSQ scores and 

worse predicted HRQoL in these dimensions. 
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Figure 22. ALE plots of NMSQ scores on PDQ-39 dimensions and Summary Index, computed from 
the final fitted models and evaluated on the independent validation set. 

 

Factor Analysis of Mixed Data 

In Figure 23, the FAMD plot visualizes associations in a low-dimensional factor space: closer 

proximity indicates stronger associations (co-variation), whereas greater distances reflect 

weaker associations. Summary Index, Cognitions, and Emotional Well-Being are the most 

distant from other variables. Their isolation may reflect broader, non-specific associations 

with multiple NMS, rather than ties to particular items. Activities of Daily Living, 

Communication, and Mobility appear relatively close to each other. Although they remain 

distant from individual NMS, their proximity suggests some level of association (co-variation) 
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among these dimensions. This suggests that patients’ daily functioning, communication, and 

mobility may reflect shared underlying factors, rather than specific non-motor symptoms. 

Social Support, Bodily Discomfort, and Stigma form a cluster near Anxiety, indicating an 

association. In particular, Social Support is positioned very close to Anxiety, indicating a 

strong association between perceived social support and anxiety levels in patients with PD. 

 

Figure 23. FAMD of NMSQ Items, PDQ-39 dimensions, and Summary Index. PDQ-39 dimensions 
and Summary Index are colored in blue. Axis percentages show the share of total inertia explained 
(Dim1 24.9%, Dim2 5.6%; 30.5% combined). Points that are closer indicate stronger associations; 
this is exploratory and not an evidence of causality or predictive importance. 
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5.5. Discussion 

Principal Results 

Our study demonstrates that while the Summary Index and the Cognitions dimension can 

be predicted with relatively low prediction error using common clinical variables and NMS, 

other dimensions present more challenges. Models for these two areas showed strong 

performance, indicating that overall HRQoL and cognitive aspects can be effectively 

estimated. In contrast, dimensions such as Mobility, Activities of Daily Living, and Bodily 

Discomfort were more difficult to predict, suggesting that additional variables may be 

necessary to improve model fit for these aspects of HRQoL. 

The NMSQ score emerged as the most important feature across all ML models, 

underscoring the pervasive association of NMS with HRQoL in patients with PD. This aligns 

with previous studies highlighting the substantial burden of NMS on patients' daily lives and 

emphasizes the need for comprehensive management strategies addressing both motor 

and non-motor symptoms in PD [70], [71], [82]. Apart from the NMSQ score, certain clinical 

variables were important predictors for specific dimensions. Age was notably important for 

Mobility and Activities of Daily Living, reflecting the impact of age-related decline on 

functional abilities. Dementia considerably contributed to the prediction of the Cognitions 

dimension, aligning with established associations between cognitive decline and dementia 

in PD [55].  

The ALE plots revealed that higher NMSQ scores are associated with worsening HRQoL 

across all dimensions, with some exhibiting nonlinear relationships. Specifically, the Stigma 

dimension’s predicted scores increased nonlinearly, with steeper rises at higher NMSQ 

scores. This indicates that as the burden of NMS becomes more severe, feelings of stigma 

disproportionately intensify, highlighting the escalating impact of NMS on this aspect of 

HRQoL. 

Furthermore, the FAMD visualization offered a nuanced understanding of the associations 

between NMS, PDQ-39 dimensions, and the Summary Index. Summary Index, Cognitions, 

and Emotional Well-Being were positioned distantly from other variables, suggesting 

broader, non-specific associations with multiple NMS rather than ties to particular 

symptoms. In contrast, Social Support, Bodily Discomfort, and Stigma clustered near 



109 
 

Anxiety, indicating an association. This suggests that targeted interventions addressing 

specific NMS may benefit certain HRQoL dimensions. 

Overall, these findings reflect the multifaceted nature of HRQoL in PD. The varying model 

performance suggests that incorporating additional variables may be necessary to improve 

prediction for certain dimensions of HRQoL. 

Comparison to Previous Work 

Our findings corroborate prior research that emphasizes the considerable impact of NMS on 

HRQoL in patients with PD [70], [71], [82]. By employing ML models to predict individual 

PDQ-39 dimensions, our study extends previous work that predominantly focused on overall 

HRQoL. This approach provides a more detailed understanding of how specific symptoms 

and clinical variables are associated with distinct aspects of patients' lives. Moreover, we 

addressed potential overfitting issues identified in our earlier study [72] by refining our 

modeling techniques and including additional variables, resulting in more robust and 

generalizable models. The use of interpretable ML methods offers novel insights into the 

complex relationships between NMS and HRQoL dimensions, contributing to a deeper 

comprehension of factors affecting patient well-being. 

Limitations 

While our study provides important insights, a couple of limitations should be acknowledged. 

First, there was a considerable amount of missing data, particularly towards the end of the 

database, suggesting that participants experienced survey fatigue and stopped completing 

the survey. We attempted data imputation to address the missing values, but this resulted 

in worse model performance. Consequently, we excluded incomplete observations, 

resulting in a reduced sample size, which may have affected the generalizability and 

robustness of our models. Second, the models were developed using data from European 

patients, which may limit their applicability to other populations.  

Future Directions 

Future studies should aim to include more diverse populations from different demographic 

and cultural backgrounds to enhance the generalizability of the models. Incorporating 

psychosocial factors such as socioeconomic status, social support networks, and 

environmental influences may reduce prediction error for HRQoL dimensions like Stigma 
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and Social Support. Additionally, using larger datasets or exploring methods to effectively 

handle missing data could enhance predictions for challenging dimensions. Longitudinal 

studies would also be beneficial to model disease progression and capture changes in 

HRQoL over time. 

5.6. Conclusions 

Our study confirms that NMS are critical predictors of HRQoL in patients with PD. Utilizing 

ML models, we successfully predicted the Summary Index and the Cognitions dimension 

with relatively low prediction error, underscoring the profound impact of NMS on both overall 

and cognitive aspects of HRQoL. However, predicting other dimensions such as Mobility, 

Activities of Daily Living, and Bodily Discomfort remains challenging, indicating the need for 

additional variables to enhance predictive performance. The crucial role of NMS for 

predicting HRQoL emphasizes the necessity for integrated management approaches that 

address both motor and non-motor symptoms in PD. 

Despite limitations related to missing data and the study's European-centric dataset, our 

findings offer valuable insights into the complex interplay between NMS and HRQoL. By 

identifying specific clinical variables associated with certain HRQoL dimensions, our study 

contributes to the development of more targeted and effective interventions aimed at 

improving patient outcomes. Future research should focus on incorporating diverse 

populations, psychosocial factors, and longitudinal data to further refine predictive models 

and enhance HRQoL outcomes for patients with PD. 

In conclusion, this study advances our understanding of how NMS affect various dimensions 

of HRQoL in PD, demonstrating the potential of ML models in personalizing patient care and 

informing clinical decision-making. These insights pave the way for more nuanced 

approaches to managing PD, ultimately aiming to improve the quality of life for those affected 

by this debilitating disease. 
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6. Discussion 

This thesis explored the utilization of ML methods to predict HRQoL in patients with PD, 

measured using the PDQ-39 tool. The research progressed from an initial binary 

classification approach to regression-based general modeling, and ultimately to detailed 

domain-specific model predictions. Each successive stage of modeling introduced important 

methodological refinements, leading to a consistent enhancement in predictive power. Given 

the inherent complexity and clinical heterogeneity of PD symptoms and disease trajectories, 

this methodological refinement was essential. By advancing from general predictive 

classifications to precise domain-specific models, this study significantly enhanced the 

potential clinical utility and interpretability of the findings, facilitating more nuanced insights 

into patient-specific quality-of-life outcomes and supporting more personalized and informed 

clinical decision-making. 

In Paper 1, we explored the feasibility of applying ML to categorize patients based on their 

PDQ-39 SI scores by dividing them into high- and low-score groups using a threshold 

identified by an expectation-maximization algorithm. This threshold, set at a PDQ-39 SI 

value of 31, enabled binary stratification of individuals. Using common clinical and 

demographic features as inputs, classification models, such as LDA, SVM, and RF, 

demonstrated encouraging performance, with all three achieving good discriminative ability 

in both the training and validation datasets. These findings confirm that routinely available 

clinical data can be effectively used to distinguish patients based on their HRQoL. Despite 

these promising outcomes, two key limitations have been identified. First, the absence of 

clinically validated cut-off values for the PDQ-39 SI reduced the interpretability of the 

classification and limited its application in clinical practice. Second, the dichotomization of 

continuous outcomes resulted in a substantial loss of information, restricting the granularity 

of predictions. Consequently, these issues motivated the transition toward continuous 

regression modeling in subsequent studies to preserve the richness of the outcome variable 

and enhance clinical relevance. 

To overcome these constraints, Paper 2 implements a predictive model using ensemble 

regression methods. This approach significantly improved interpretability using explainable 

ML techniques, such as feature importance analyses and ALE plots. The results highlighted 

key predictive factors, including age at diagnosis, dementia, patient age, and geographic 

location (country), reinforcing the established literature on their influence on PD. Although 
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the ensemble demonstrated robust predictive performance on the training dataset (MAE = 

4.82, RMSE = 8.09, R² = 0.75), its accuracy declined upon external validation (MAE = 11.22, 

RMSE = 13.99, R² = 0.36), suggesting potential overfitting. The observed discrepancy 

between the training and validation performances prompted us to reconsider the adequacy 

of using a single global measure, such as the PDQ-39 SI, to capture the diverse impacts of 

PD on HRQoL. Therefore, we hypothesized that disaggregating the PDQ-39 into its eight 

constituent domains and incorporating domain-specific predictors could further improve 

predictive accuracy, enhance generalizability, and mitigate overfitting. 

The research described in Paper 3 advanced the work by developing separate prediction 

models for each of the eight PDQ-39 domains: Mobility, Activities of Daily Living, Emotional 

Well-Being, Stigma, Social Support, Cognitions, Communication, and Bodily Discomfort, 

thereby aligning the model architecture with the multidimensional nature of HRQoL. Extreme 

Gradient Boosting was identified as the optimal learner for the Activities of Daily Living 

domain and the Summary Index, whereas the Gaussian Process with Polynomial Kernel 

performed best for the remaining domains. The PDQ-39 SI demonstrated the strongest 

overall performance in the validation set, combining the highest R² (0.56) with the lowest 

error (MAE 9.65; RMSE 12.71). Among individual domains, Cognitions performed well, 

achieving an R² of 0.53 with relatively moderate errors (MAE 12.39; RMSE 16.20). Mobility 

also showed substantial explained variance (R² 0.48) but presented relatively large 

prediction errors (MAE 18.02; RMSE 22.88). Emotional Well-Being (R² 0.36; MAE 14.78; 

RMSE 19.50) and Communication (R² 0.35; MAE 13.91; RMSE 18.73) displayed moderate 

explanatory power with intermediate errors. In contrast, Stigma (R² 0.23; MAE 14.96; RMSE 

19.34) and Social Support (R² 0.26; MAE 14.87; RMSE 19.08) explained limited variance 

yet maintained lower average errors, likely due to narrower distributions. Activities of Daily 

Living (R² 0.33; MAE 18.22; RMSE 24.28) and Bodily Discomfort (R² 0.32; MAE 17.82; 

RMSE 21.63) proved to be the most challenging, showing lower explained variance and 

higher prediction errors. Across all domains, the NMS Questionnaire consistently emerged 

as the strongest predictor, emphasizing the critical impact of non-motor symptoms on 

HRQoL. Age was the second-most important predictor for Mobility and Activities of Daily, 

reflecting the influence of age-related functional decline, whereas dementia was similarly 

influential in the Cognition domain. Although domain-specific modeling reduced the 

overfitting observed in Paper 2, the relatively modest predictive accuracy in motor-focused 

domains (Mobility, Activities of Daily Living, and Bodily Discomfort) suggests that clinical and 

demographic variables alone do not fully capture their complexity. 



115 
 

Rigorous methodologies were applied throughout this study. Nevertheless, the cross-

sectional and region-specific nature of our dataset inevitably restricted the generalizability 

of the ML models. Therefore, future studies should prioritize longitudinal data collection and 

integrate diverse international cohorts to track changes in HRQoL in PD over time. 

Moreover, incorporating additional psychosocial factors could further refine predictive 

accuracy, particularly in domains such as Stigma, Social Support, and Emotional Well-

Being. Additionally, broadening the predictive scope beyond the PDQ-39 outcomes and 

including other variables would substantially enhance the practical applicability of ML 

models. For instance, the integration of objective digital biomarkers derived from wearable 

technologies capturing metrics such as gait dynamics, tremor severity, and sleep 

disturbances could significantly improve predictive accuracy in inadequately captured 

domains, notably Mobility, Activities of Daily Living, and Bodily Discomfort. 

Overall, the stepwise improvements from Paper 1 through Paper 3 illustrate the feasibility 

and incremental benefit of domain-specific ML for personalized HRQoL prediction in PD and 

lay the groundwork for future multimodal longitudinal modelling frameworks. Clinically, these 

predictive models hold promises for supporting personalized patient care, facilitating the 

early identification of individuals at risk for significant quality-of-life deterioration, and guiding 

targeted therapeutic interventions, such as tailored rehabilitation programs, caregiver 

support structures, and individualized pharmacological management strategies. The 

incorporation of PROMs, such as the PDQ-39, not only aligns with evolving clinical 

standards but also reinforces patient-centered care, ensuring that treatment decisions reflect 

outcomes that genuinely matter to patients. Indeed, there has been increasing regulatory 

emphasis on integrating patient perspectives into clinical trial outcomes [83], [84]. 

Regulatory bodies, such as the European Medicines Agency (EMA) and the U.S. Food and 

Drug Administration (FDA) have strongly advocated for the systematic inclusion of PROMs 

in clinical trials [61], [85], [86], [87], [88]. The FDA also provided explicit guidance on using 

PROMs to support medical product labeling claims, highlighting their critical role in capturing 

treatment benefits directly meaningful to patients [89]. Similarly, the EMA continues to 

emphasize the importance of PROMs in informing clinical and regulatory decision-making 

processes [62]. This recognition underscores the value and necessity of our research in 

effectively predicting PROM-based outcomes, which closely aligns with current regulatory 

and clinical research trends. 
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At the health-system level, these results demonstrate the potential of ML-based PROMs 

prediction to inform resource allocation and enable proactive, data-driven care pathways for 

PD. While promising, the models will require further optimization and prospective validation 

to ensure consistent, high-quality performance. Prospectively validated algorithms can 

enable clinicians to direct rehabilitation, caregiver support, and medication reviews toward 

patients most at risk of HRQoL decline, thereby enhancing outcomes and making more 

efficient use of healthcare resources.  

To translate this potential into routine clinical practice, the next step should involve a pilot 

phase integrating predictive models into electronic health records, allowing clinicians to 

evaluate algorithm-generated predictions alongside traditional clinical assessments without 

immediately influencing decision-making. Additionally, anticipated practical challenges such 

as clinician acceptance, workflow integration, and technical infrastructure requirements 

should be proactively addressed to facilitate successful real-world implementation. 

Building on insights gained from the initial pilot, future research should prioritize 

strengthening the generalizability of the model and demonstrating its real-world clinical 

utility. This entails external validation in multicenter cohorts, prospective testing within 

routine care workflows, and continuous performance monitoring across diverse 

demographic and socioeconomic groups to ensure equitable accuracy. Such efforts will 

translate the current proof-of-concept into a reliable decision-support tool that can be 

confidently adopted at the point-of-care. 
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7. Conclusion 

This study confirms the feasibility and value of applying ML methods to predict HRQoL 

outcomes in PD based on PROMs, demonstrating a clear methodological progression from 

binary classification to domain-specific predictions. A key insight from these models is that, 

among the available variables, NMS exert the strongest influence on the predicted HRQoL, 

underscoring their clinical significance and the inherently multidimensional nature of patient 

well-being. 

From a healthcare perspective, predictive models built on PROMs can enhance patient-

centered care by enabling the early identification of individuals at risk of quality-of-life 

deterioration, guiding targeted therapeutic interventions, and informing resource-allocation 

decisions. In line with regulatory trends, and with PROMs now recognized as key endpoints 

in clinical trials, these models help embed the patient perspective within routine evaluation 

and management strategies. 

However, achieving full clinical utility will require addressing limitations in data 

generalizability. Future research should prioritize longitudinal, multicenter studies that 

include diverse populations and incorporate additional biomarkers to strengthen predictive 

accuracy and reliability. Ensuring equitable model performance across demographic and 

socioeconomic groups through rigorous external validation and continuous monitoring is 

essential. 

By overcoming these challenges, ML-driven PROM prediction can mature from proof-of-

concept into a reliable decision-support tool that improves the personalization of care and 

optimizes outcomes for people living with PD. 
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Introduction:

Health-related quality of life (HRQoL)gained importance in the last decades and is considered to be an
important outcome measure in chronic diseases studies. HRQoL disease specific instruments reflect the
consequencesof that disease to aparticular personandare sensitive to change inperceivedHRQoL. InPar-
kinson’s disease (PD) several disease specific HRQoL instruments have become available in the past few
years.A2002 systematic review of HRQoL instruments in PD concluded that in many situations the Par-
kinson´sDiseaseQuestionnaire -39 (PDQ-39) is themost appropriateHRQoL instrument, because it is the
scale that has been tested most thoroughly, has adequate clinimetric characteristics, has been used in the
largest number of studies, and is available inmany languages [1].

The PQD-39 is a 39-item self-report questionnaire, which assesses PD specific health related quality
over the lastmonth. It assesses howoften patients experience difficulties across the 8 quality of life dimen-
sions and the impact of PD on specific dimensions of functioning and well-being [2]. Its summary index
(PDQ-39SI) is a widely used patient-reported clinical trial endpoint. Peter Hagell and Maria H. Nilsson
assessed the unidimensionality of the PDQ-39 and PDQ-39SI using Rasch and confirmatory factor ana-
lysis and concluded itsmultidimensional nature [3].

The objective of this study is to do an exploratory analysis on the multidimensional nature of the
PDQ-39SI usingmachine learningmethods to improve the interpretability of the score and obtain amodel
to predict the perceived quality of life of peoplewith PD.

Methods:

Data analysis was completed with R version 4.1.1. Data used in the preparation of this article were
obtained from theParkinson’sReal-World Impact assesSMent (PRISM)database. PRISMstudy anddata-
basewas funded byBIAL–Portela&Cª, S.A., designed in collaborationwithTheCureParkinson’sTrust,
an advocacy group based in theUnitedKingdom (UK), and reviewedby thePRISMsteering committee.

ThePRISMdatabasecontainsdata from861people from5EuropeancountrieswithPDcollected in the
context of an observational studywith cross-sectional design [4].

PDQ-39SI multivariable nature was first assessed using the Expectation-Maximization (EM)
algorithm (Figure 1). Based on the latent classes, a transformation of PDQ-39SI from continuous to bino-
mial outcomewas performed:mild vs severe symptoms impacting their quality of life.

Clinically relevant variables formodeling the PDQ-39SIwere initially selected from the PRISMdata-
base. Univariate logistic regressions were created with the PDQ-39SI as a function of each of the
previously selected variables. The variables presenting a p-value below 0.05 were ordered according to
their impact on the odds ratio and included in the machine learning models by forward selection based on
the resulting AUC values. Incomplete observations were then removed resulting in a dataset with 615
patients

Before training the models, 20% of the dataset was saved to be used as independent validation data.
With the remaining 80% of the dataset (training set), several models were trained to predict the classes
obtained through EM. A repeated 10-fold cross validation was performed on this training set to estimate
the respectiveROCcurves (Figure 2).Additionally, the performance of eachmodel obtainedwith the 20%
independent validation setwas also assessed through the plotting ofROCcurves (Figure 3).
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Figure 3 - Performance of different machine learning methods for PDQ-39SI modeling on the independent validation
set. Legend: ROC curves (receiver operating characteristic curves) of the independent validation set (20% of the
dataset) with (i) lda (Linear Discriminant Analysis), (ii) cart (Classification and Regression Tree, splitting index: gini),
(iii) knn (K-nearest Neighbors, K=3), (iv) svm (Support Vector Machine, kernel: radial basis function), (v) rf (Random
Forest, number of trees = 500), (vi) nnet (Feedforward Neural Network, 1 hidden layer with 5 neurons). AUC (area
under the curve)

Figure 2 - Performance estimation of different machine learning methods for PDQ-39SI modeling on the training set
using repeated 10-fold cross validation. Legend: ROC curves (receiver operating characteristic curves) of the
repeated 10-fold cross validation training set (80% of the dataset) with (i) lda (Linear Discriminant Analysis), (ii) cart
(Classification and Regression Tree, splitting index: gini), (iii) knn (K-nearest Neighbors, K=3), (iv) svm (Support
Vector Machine, kernel: radial basis function), (v) rf (Random Forest, number of trees = 500), (vi) nnet (Feedforward
Neural Network, 1 hidden layer with 5 neurons ). AUC (area under the curve)

Figure 1 - Latent classes on Parkinson´s Disease Summary Index. Legend: With the use of Expectation
Maximization algorithm (2 kernels) 2 latent classes are described: (i) red distribution with mean of 18.8 and standard
deviation of ± 9, and (ii) black distribution with mean of 45 and standard deviation of 15.5. Interception of the two
distributions at the 31 value.
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Results:

The PDQ-39SI was converted from a continuous outcome into two categories based on the impact on
the quality of life of the person with PD: mild (with a PDQ-39SI below 31) and severe (PDQ-39SI above
31).

TheROCcurvesobtainedwith repeatedcross-validation for eachof the trainedmodels arepresented in
figure 2while theROCcurves obtainedwith the independent validation data set are presented in figure 3.

Discussion:

The obtention of a binomial classification for the PDQ-39SI can facilitate its interpretation and har-
monize its utilization by different health care providers (HCP). Additionally, machine learning models
applied to clinical variables can be used to predict to which of these classes a person with Parkinson’s dis-
ease would belong. This information would allow HCPs to predict which of the patients are expected to
have a lower quality of life.

ThePDQ-39SI is basedon the patient’s interpretation about several dimensionsmeasuringhis/her per-
ceived quality of life. The subjectivity of the information collected through a survey is considered a
limitation of this study.

The resultsobtaineddemonstrateagoodperformanceofLinearDiscriminant Analysis,SupportVector
Machine and Random Forest methods. Future work will focus on hyperparameters optimization and on
studying awider range of variables to accommodate possible confounding factors.
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Abstract: Background: Parkinson’s Disease significantly impacts health-related quality of life, with
the Parkinson’s Disease Questionnaire-39 extensively used for its assessment. However, predicting
such outcomes remains a challenge due to the subjective nature and variability in patient experiences.
This study develops a machine learning model using accessible clinical data to enable predictions of
life-quality outcomes in Parkinson’s Disease and utilizes explainable machine learning techniques
to identify key influencing factors, offering actionable insights for clinicians. Methods: Data from
the Parkinson’s Real-world Impact Assessment study (PRISM), involving 861 patients across six
European countries, were analyzed. After excluding incomplete data, 627 complete observations
were used for the analysis. An ensemble machine learning model was developed with a 90% training
and 10% validation split. Results: The model demonstrated a Mean Absolute Error of 4.82, a Root
Mean Squared Error of 8.09, and an R2 of 0.75 in the training set, indicating a strong model fit. In the
validation set, the model achieved a Mean Absolute Error of 11.22, a Root Mean Squared Error of
13.99, and an R2 of 0.36, showcasing moderate variation. Key predictors such as age at diagnosis,
patient’s country, dementia, and patient’s age were identified, providing insights into the model’s
decision-making process. Conclusions: This study presents a robust model capable of predicting
the impact of Parkinson’s Disease on patients’ quality of life using common clinical variables. These
results demonstrate the potential of machine learning to enhance clinical decision-making and patient
care, suggesting directions for future research to improve model generalizability and applicability.

Keywords: Parkinson’s disease; health-related quality of life; predictive modeling; machine learning;
Parkinson’s disease questionnaire—39; PDQ-39 summary index; explainable machine learning

1. Introduction

Parkinson’s Disease (PD)’s global prevalence more than doubled between 1990 and
2015 [1]. The motor symptoms associated with the second most common neurodegen-
erative disorder include resting tremor, rigidity, bradykinesia, and postural instability.
Additionally, non-motor symptoms such as cognitive impairment, mental health disorders,
sleep disturbances, pain, and sensory disturbances are also common in PD [2–4]. All these
symptoms decrease the health-related quality of life (HRQoL) of people with PD [5].

In recent years, HRQoL has emerged as a critical outcome measure in the study of
chronic diseases. HRQoL instruments, particularly those designed for specific diseases,
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offer valuable information on the personal effects of disease and any changes that are
perceived over time. For example, in the context of PD, several disease-specific HRQoL
tools have been developed recently. A comprehensive, systematic review conducted in 2002
determined that the Parkinson’s Disease Questionnaire-39 (PDQ-39) was the most suitable
instrument for assessing HRQoL in the context of PD. The PDQ-39 was chosen based on
several factors, including its extensive testing, robust clinimetric properties, widespread
use in numerous studies, and availability in numerous languages [5]. Additionally, recent
studies have demonstrated its utility in various contexts, such as assessing the impact of
deep brain stimulation of the subthalamic nucleus on the quality of life of PD patients [6]
and validating its use in PD patients with cognitive impairment, showcasing its versatility
and applicability across different patient populations [7]. Furthermore, the Italian version
of the PDQ-39 has been validated, highlighting its cross-cultural applicability [8]. Research
suggests that the PDQ-39 is a reliable and valid tool for assessing HRQoL in PD, as it
provides a comprehensive view of the disease’s impact, extending beyond traditional
clinical outcomes, and reflects the patient’s perspective, capturing their personal and
subjective experience of living with the disease [9].

PDQ-39 is a commonly utilized self-report questionnaire comprised of 39 items that
assess the degree of difficulty experienced by individuals diagnosed with PD across eight
dimensions of HRQoL, namely mobility, activities of daily living, emotional well-being,
stigma, social support, cognition, communication, and bodily discomfort [10]. The PDQ-39
Summary Index (PDQ-39 SI), which measures the overall impact of PD on a patient’s
life, is a commonly utilized patient-reported endpoint in clinical trials [10–12]. Despite
its widespread use, accurately predicting the PDQ-39 SI and, consequently, the HRQoL
remains a complex and challenging task. This complexity is partly due to the subjective
nature of the questionnaire, which captures individual patient experiences and percep-
tions that may vary widely based on personal factors, such as disease severity, duration,
treatment response, individual resilience, and varying interpretations of quality of life.

Machine and statistical learning have been used in PD to predict disease progression,
motor symptoms, and treatment response. For instance, Chandrabhatla et al. explored
the co-evolution of machine learning (ML) and digital technologies to enhance the mon-
itoring of Parkinson’s Disease motor symptoms, thereby improving real-time symptom
tracking and management [13]. Gao et al. employed both model-based and model-free
ML techniques for the diagnostic, prediction, and classification of clinical outcomes in PD,
highlighting their potential in early diagnosis and personalized treatment planning [14].
Nilashi et al. evaluated the effectiveness of ensemble ML methods for predicting PD pro-
gression, demonstrating the improved accuracy and robustness of combined models [15].
Dadu et al. focused on identifying and predicting PD subtypes and progression using
ML in two cohorts, which can aid in precise disease classification and management [16].
Additionally, a recent study introduced a Perceiver architecture-based multimodal ML
model to estimate PD symptom severity by analyzing raw gait signals and features from
Ground Reaction Force sensors [17]. However, its application in predicting HRQoL, as
measured by the PDQ-39 Summary Index (SI), remains underexplored. This study sought
to develop an ML model capable of predicting PDQ-39 SI in patients with PD using readily
available clinical variables, such as the patient’s current PD medication, co-existing medical
conditions, education level, age, and age at diagnosis. The objective of this research is to
develop an ML model equipped with explainable ML techniques to enhance clinicians’
ability to predict HRQoL in PD patients. This tool is designed to provide deeper insights
into the factors influencing HRQoL, thereby informing treatment decisions and ultimately
improving patient care. Additionally, the explainable ML component of this study offers
critical information about the variables that have a higher impact on quality of life, which
can be valuable for clinicians in understanding disease progression and management.
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2. Materials and Methods
2.1. Database and Data Preparation

The data for this study were sourced from the Parkinson’s Real-world Impact As-
sessment (PRISM) study, a cross-sectional observational research initiative. A total of
861 patients with PD and 256 caregivers from six European countries participated in the
PRISM study, completing an online survey using structured questionnaires including the
PDQ-39, Non-Motor Symptoms Questionnaire, and Zarit Burden Interview [18]. This
survey captured a broad range of information, including medication use, comorbidities,
and healthcare resource utilization [18]. After excluding two observations due to missing
PDQ-39 SI scores, 859 valid entries remained for analysis. The demographic profile of the
participant pool was nearly evenly split by gender: 48.5% female and 50.3% male, with
a mean age of 65.0 years (Standard Deviation (SD) = 10.2 years). The average PDQ-39 SI
score was 32.0 (SD = 18.2), with its distribution depicted in Figure 1. Supplementary Table
S1 summarizes key variables from the PRISM dataset.
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2.2. Data Analysis

All analyses were performed using the R statistical software (version 4.3.0) [19]. As
part of our analytical approach, we utilized Factor Analysis of Mixed Data (FAMD) to
explore the underlying relationships between variables within the PRISM dataset, including
the PDQ-39 SI. FAMD are particularly relevant for datasets that include both quantitative
and qualitative variables, as they extend the principles of principal component analysis
to mixed data types. This approach allows us to reduce the complexity of the data by
identifying the principal dimensions that capture the most variance. Consequently, FAMD
provide a comprehensive understanding of how different variables interact and contribute
to the observed patterns in our dataset. The results of the FAMD are visually depicted
in Supplementary Figure S1, offering a clear illustration of the interrelations among the
dataset where variables that are highly correlated cluster together, including how closely
each variable correlates with the outcome variable, the PDQ-39 SI.

After the FAMD analysis, the PRISM dataset was subjected to a data-cleaning process.
Categorical variables with responses such as ‘prefer not to say’ or ‘other’ were treated
as missing values to minimize the noise in the final model. Upon examination of the
dataset (Supplementary Table S1), it was observed that it contains minimal missing values.
Most of these missing values appear to be missing completely at random, with notable
exceptions in the variables age at diagnosis and current medication. These exceptions
suggest a missing not at random pattern, likely due to patients not recalling the age of PD
diagnosis or being unaware of the therapeutic class of their current medication. Although
we initially attempted to address missing values using Multivariate Imputation by Chained
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Equations (MICE), this approach resulted in a model with worse predictive capabilities [20].
Therefore, we only kept complete observations, resulting in a total of 627 valid entries.
Subsequently, the dataset was partitioned into training (90%) and validation (10%) sets
to maximize the learning capacity of our model amidst the constraints of limited sample
size and high variability inherent in questionnaire-based data. This allocation allows for
comprehensive model training on a diverse range of responses, critical for capturing the
nuanced patterns of HRQoL assessments in PD, while still reserving a portion of the data
for essential validation to assess model performance and mitigate overfitting. Figure 2
illustrates this study’s workflow, detailing each step from data acquisition to the data split
and comparison of regression metrics in the training and validation sets.

J. Clin. Med. 2024, 13, x FOR PEER REVIEW 4 of 16 
 

 

the dataset (Supplementary Table S1), it was observed that it contains minimal missing 
values. Most of these missing values appear to be missing completely at random, with 
notable exceptions in the variables age at diagnosis and current medication. These 
exceptions suggest a missing not at random pattern, likely due to patients not recalling 
the age of PD diagnosis or being unaware of the therapeutic class of their current medica-
tion. Although we initially attempted to address missing values using Multivariate Impu-
tation by Chained Equations (MICE), this approach resulted in a model with worse pre-
dictive capabilities [20]. Therefore, we only kept complete observations, resulting in a total 
of 627 valid entries. Subsequently, the dataset was partitioned into training (90%) and val-
idation (10%) sets to maximize the learning capacity of our model amidst the constraints 
of limited sample size and high variability inherent in questionnaire-based data. This al-
location allows for comprehensive model training on a diverse range of responses, critical 
for capturing the nuanced patterns of HRQoL assessments in PD, while still reserving a 
portion of the data for essential validation to assess model performance and mitigate over-
fitting. Figure 2 illustrates this study’s workflow, detailing each step from data acquisition 
to the data split and comparison of regression metrics in the training and validation sets. 

 
Figure 2. Diagram of the study process from data acquisition to data preparation, feature selection, 
model training, and performance evaluation. 

2.3. Model Training 
The models were trained on a personal computer equipped with an AMD Ryzen 7 

7800X3D CPU, 32 GB of RAM, and an AMD Radeon RX 7900 XT GPU (Advanced Micro 
Devices, Inc., Santa Clara, CA, USA). We evaluated several feature selection methods—
specifically, random forest, least absolute shrinkage and selection operator (LASSO), 
group LASSO, and the option of omitting feature selection—to identify the most suitable 
technique for our dataset. Feature selection through random forest was selected for its 
standout performance in enhancing the predictive accuracy of our suite of ML models. 

Figure 2. Diagram of the study process from data acquisition to data preparation, feature selection,
model training, and performance evaluation.

2.3. Model Training

The models were trained on a personal computer equipped with an AMD Ryzen 7
7800X3D CPU, 32 GB of RAM, and an AMD Radeon RX 7900 XT GPU (Advanced Micro
Devices, Inc., Santa Clara, CA, USA). We evaluated several feature selection methods—
specifically, random forest, least absolute shrinkage and selection operator (LASSO), group
LASSO, and the option of omitting feature selection—to identify the most suitable technique
for our dataset. Feature selection through random forest was selected for its standout
performance in enhancing the predictive accuracy of our suite of ML models. We then
applied this feature selection approach in training a diverse range of ML models, namely
linear regression, boosted generalized linear model, extreme gradient boosting with linear
models and decision trees, ridge regression, neural network regression, LASSO regression,
random forest, k-nearest neighbors, support vector machines with radial basis function
and polynomial kernel, and Gaussian processes (linear, polynomial, and radial kernels),
incorporating essential pre-processing steps such as centering and scaling with the caret
package [21]. To accurately train and evaluate the performance of these models within the
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context of a dataset characterized by limited size and high variability, Monte Carlo Cross-
Validation (MCCV) was employed with 500 repetitions for each model. This approach was
chosen for its effectiveness in mitigating data variability, thereby ensuring a more reliable
and stable assessment of the models’ generalizability.

2.4. Model Stacking

To further improve the performance of our predictive model, we implemented a
stacking approach using an ensemble of the previously trained ML models. Stacking is an
advanced ensemble method that combines multiple predictive models to enhance overall
accuracy. It utilizes a meta-model that optimally combines the predictions from several base
models trained on the same data. This technique leverages the strengths and compensates
for the weaknesses of individual models, thereby increasing the robustness and reliability
of predictions [22].

We started by assessing the correlation among these models to create an ensemble
characterized by both strong individual performance and minimal intermodel correlation.
We then trained several ensembles using MCCV and experimented with different numbers
of repetitions (100, 250, 500, and 1000) to assess both stability and performance. For
the stacking mechanism, we tested both random forest and extreme gradient boosting
with decision trees (XGBTree) as techniques. These were selected for their demonstrated
capability to effectively handle complex data patterns. This stacked ensemble approach
allowed us to enhance the model’s ability to generalize across different patient profiles and
improve the accuracy of predicting the PDQ-39 SI.

2.5. Model Evaluation

The performance of the models was evaluated using multiple metrics. The Mean
Absolute Error (MAE) measures the average magnitude of the errors in predictions, provid-
ing a straightforward measure of the average error magnitude per prediction. The Root
Mean Squared Error (RMSE) offers insight into the accuracy of the model by quantify-
ing the square root of the average squared differences between the predicted values and
actual observations. Lastly, the Coefficient of Determination (R2) reflects the proportion
of variance in the dependent variable that is predictable from the independent variables,
thereby indicating the explanatory power of the model. These metrics collectively provide
a comprehensive assessment of model performance.

The ensemble model that emerged as the most effective incorporated the pre-trained
ML models: Gaussian process with a Radial Basis Function kernel and random forest. This
ensemble model was trained using MCCV with 1000 repetitions, with XGBTree serving as
the stacking method. MCCV was utilized both to train and to estimate the performance of
the ensemble model on the training dataset, while the validation set was reserved for the
final assessment to evaluate overfitting susceptibility and ensure an unbiased evaluation of
the model’s generalizability.

2.6. Interpretable Machine Learning Analysis

To unveil the importance and effect of each feature on the predictive model, we
employed interpretable ML techniques, particularly focusing on Permutation Feature
Importance (PFI). Utilizing the iml package in R, this analysis facilitates a deeper under-
standing of the behavior of our final ensemble ML model [23]. The core concept of PFI is to
measure the increase in the model’s prediction error after the permutation of each feature’s
values, which effectively breaks the relationship between the feature and the true outcome.
This process provides a clear indication of a feature’s importance; a significant increase
in error indicates that the model relied heavily on the feature for prediction, whereas no
change in error suggests that the feature was not utilized by the model for prediction [24].

The process of feature importance quantification involves permuting the values of
each feature and assessing the change in the model’s performance using MAE as the chosen
metric, due to its lower sensitivity to outliers and variability within the dataset. This
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procedure was carried out for each feature individually and repeated 100 times to obtain a
more robust estimate, with the results averaged thereafter.

3. Results
3.1. Performance Metrics

In the training set, the final ensemble model achieved an MAE of 4.82, an RMSE of
8.09, and an R2 value of 0.75, indicating a strong fit to the data. The distributions of MAE,
RMSE, and R2 metrics from the 1000 MCCV repetitions approximated normal distributions,
as shown in Figures 3–5. These distributions suggest that the model’s performance is
consistent and reliable across different subsamples of the training data, reflecting its stability.
When applied to the validation set, the model exhibited moderate variations in performance
metrics, with an MAE of 11.22, an RMSE of 13.99, and an R2 value of 0.36, indicating the
model’s reasonable predictive capability on unseen data. A summary of these results is
presented in (Table 1).
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Table 1. Results.

Metric Training Set Validation Set

MAE 4.82 11.22
RMSE 8.09 13.99
R2 0.75 0.36

The True vs. Predicted Values plot (Figure 6) demonstrates the relationship between
the actual PDQ-39 SI scores and the scores predicted by the model. The plot suggests
that the model tends to slightly overpredict at lower values and underpredict at higher
values, indicating areas for potential refinement. The Residuals vs. Predicted Values plot
(Figure 7) shows that while most residuals are clustered around zero, there is a slight
spread, suggesting occasional larger prediction errors.
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3.2. Interpretation

The ensemble model demonstrated strong predictive capabilities on the training
dataset, as indicated by the high R2 and low MAE values. However, the model performance
on the validation set showed moderate variation. Although the model remains a promising
tool for estimating PDQ-39 SI scores, these variations suggest areas for future research and
model refinement. The observed variations in the validation set may be attributed to the
limited size of the dataset and the inherent variability of HRQoL measures, both of which
warrant further investigation. The diagnostic plots suggest that while the model generally
performs well, addressing the slight overprediction at lower values and underprediction
at higher values could enhance its accuracy, aligning with the variability observed in the
validation set. The variables selected through feature selection for their significant impact
on PDQ-39 SI predictions are listed in Table 2. Feature importance and effects .

The interpretable ML analysis using the iml package in R yielded substantial insights
into the significance of the individual features within our predictive model. Table 2 encap-
sulates the importance of each feature along with the associated 90% confidence intervals,
as derived from Permutation Feature Importance, which quantifies the decrease in model
accuracy when each feature’s data is randomly shuffled. Predominantly, age at diagnosis,
patient’s country, dementia, and patient’s age emerged as the most important features
affecting PDQ-39 SI predictions. A graphical representation of feature importance was
generated to provide a holistic view of each feature’s contribution to the model’s predictive
performance (Figure 8).

Table 2. Selected Features and their importance in PDQ-39 SI predictions a–c.

Feature Importance (0.05) Importance Importance (0.95) Permutation Error

Age at diagnosis 1.07 1.16 1.25 13.02
Country 1.05 1.12 1.19 12.53
Dementia 1.02 1.09 1.11 12.26
Age 1.02 1.09 1.19 12.24
Depression 1.03 1.09 1.15 12.19
Time to first levodopa
prescription
post-diagnosis

1.02 1.08 1.13 12.07
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Table 2. Cont.

Feature Importance (0.05) Importance Importance (0.95) Permutation Error

Number of
comorbidities 1 1.05 1.11 11.83

Anxiety 1.02 1.05 1.07 11.74
First prescribed oral
medication contained
levodopa

1 1.02 1.05 11.5

Currently taking
Rivastigmine 1 1.02 1.05 11.5

Education 0.98 1.02 1.06 11.46
Peripheral vascular
arterial disease 0.99 1.01 1.04 11.37

Diabetes (type 1 or 2) 0.99 1.01 1.02 11.32
Currently taking
Catechol-O-
methyltransferase
inhibitor

0.97 1 1.03 11.21

Currently taking
Amantadine 0.98 0.99 1.01 11.07

a The importance of a feature is quantified by permuting the values of the feature and measuring the change in the
model’s performance against a baseline using MAE. The displayed results include the estimated importance values
alongside their 90% confidence intervals, represented by the lower (Importance (0.05)) and upper (Importance
(0.95)) limits. b A larger permutation error indicates higher feature importance. c The process was executed for
each feature and repeated 100 times to obtain a more robust estimate, with the results averaged.

J. Clin. Med. 2024, 13, x FOR PEER REVIEW 10 of 16 
 

 

 
Figure 8. Demonstration of the feature importance of clinical variables in predicting PDQ-39 SI. 

Transitioning to a more detailed analysis, the Accumulated Local Effects (ALE) plots 
facilitate visual exploration of the behavior of the model, underscoring how the prediction 
shifts locally with variations in each feature. The plots for the features age at diagnosis, 
dementia, patient’s country, and patient’s age are represented in Figures 9–12. The marks 
beneath the x-axis represent the distribution of each feature where observations were ob-
tained. In the case of categorical variables such as dementia and the patient’s country, the 
marks were automatically spaced to simplify the visual interpretation. For the features 
age at diagnosis and patient’s age, regions with sparse or no points suggest caution in 
interpretation due to insufficient data. 

The ALE plot for age at diagnosis (Figure 9) indicates that the earlier the disease ap-
pears, the higher the scores predicted by the model on the PDQ-39 SI, and therefore the 
more likely the patients are to have a lower quality of life, which is consistent with disease 
progression. The ALE plot for the patient’s country (Figure 10) indicates a moderate im-
pact on the predictions of PDQ-39 SI, with the United Kingdom showing a slightly more 
negative impact on the outcome. The ALE plot for dementia (Figure 11) demonstrates the 
significant negative impact of this comorbidity on the PDQ-39 SI predictions, highlighting 
its burden on PD patients. The ALE plot for the patient’s age (Figure 12) demonstrates a 
consistent trend, indicating a direct influence of age on PDQ-39 SI predictions. This inter-
pretive analysis not only enhances the comprehensibility of our predictive model but also 
extends the foundation for a more informed evaluation of the features affecting the PDQ-
39 SI. 

Figure 8. Demonstration of the feature importance of clinical variables in predicting PDQ-39 SI.

Transitioning to a more detailed analysis, the Accumulated Local Effects (ALE) plots
facilitate visual exploration of the behavior of the model, underscoring how the prediction
shifts locally with variations in each feature. The plots for the features age at diagnosis,
dementia, patient’s country, and patient’s age are represented in Figures 9–12. The marks
beneath the x-axis represent the distribution of each feature where observations were
obtained. In the case of categorical variables such as dementia and the patient’s country,
the marks were automatically spaced to simplify the visual interpretation. For the features
age at diagnosis and patient’s age, regions with sparse or no points suggest caution in
interpretation due to insufficient data.
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The ALE plot for age at diagnosis (Figure 9) indicates that the earlier the disease
appears, the higher the scores predicted by the model on the PDQ-39 SI, and therefore
the more likely the patients are to have a lower quality of life, which is consistent with
disease progression. The ALE plot for the patient’s country (Figure 10) indicates a moderate
impact on the predictions of PDQ-39 SI, with the United Kingdom showing a slightly more
negative impact on the outcome. The ALE plot for dementia (Figure 11) demonstrates the
significant negative impact of this comorbidity on the PDQ-39 SI predictions, highlighting
its burden on PD patients. The ALE plot for the patient’s age (Figure 12) demonstrates
a consistent trend, indicating a direct influence of age on PDQ-39 SI predictions. This
interpretive analysis not only enhances the comprehensibility of our predictive model but
also extends the foundation for a more informed evaluation of the features affecting the
PDQ-39 SI.
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4. Discussion
4.1. Principal Results

The primary achievement of this study is the successful development and validation
of an ensemble ML model tailored to predict the PDQ-39 SI score in patients with PD. The
model’s strong performance in the training set, particularly its high R2 value, underscores
its ability to account for a significant proportion of the variance in PDQ-39 SI scores. This
is a noteworthy advancement given the complex interplay of factors that can influence
the quality of life in patients with PD. However, it is important to note that the significant
difference in R2 values between the training and validation sets indicates a potential issue
of overfitting. The R2 value in the training set was substantially higher than that in the
validation set, suggesting that the model may have learned patterns specific to the training
data that do not generalize well to unseen data. This is common in ML applications
and serves as a valuable indicator of areas that may benefit from further research and
optimization. Future work should focus on addressing this overfitting issue by exploring
techniques such as regularization, cross-validation, and the inclusion of more diverse
training data. Additionally, model simplification and the use of ensemble methods with a
more rigorous selection of base models may help enhance generalizability.
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The model’s performance in the validation set, although not as strong as that in the
training set, still suggests that it holds promise as a tool for estimating PDQ-39 SI scores in a
clinical setting. Despite the inherent uncertainty in predictions of patient-reported outcome
measures, the model provides valuable insights into disease progression and highlights the
potential impact of clinical variables on the quality of life in PD patients. This indicates
that the model could become a useful decision-support tool, with further refinement and
validation needed to enhance its reliability and applicability.

The feature importance analysis conducted in this study provides a granular under-
standing of the variables that significantly impact the PDQ-39 SI score. This approach not
only predicts the PDQ-39 SI score but also elucidates the underlying factors contributing to
the model’s predictions, offering a more comprehensive insight into the determinants of
HRQoL in patients with PD. The notable importance of variables such as age at diagnosis,
dementia, and patient’s age in our model underlines the well-documented interplay among
these factors and PD, as they are highly correlated with disease progression. Age is a
recognized risk factor for PD, and both the prevalence and severity of the disease notably
increase with age, underscoring the progressive nature of PD. The significant association
between age and PD is evident from various epidemiological studies that show an expo-
nential increase in PD prevalence from the age of 60 years onwards, reaching a peak in the
age group of 70–79 years [25]. Additionally, an early appearance of the disease (represented
by the feature ‘age at diagnosis’) is associated with a greater impact on the quality of life,
highlighting the significant burden of the disease when it manifests early. Furthermore,
dementia is a common comorbidity in patients with PD, often exacerbating the severity
of the disease and the patient’s quality of life. The prevalence of dementia in PD patients
ranges between 24% and 31%, with the risk increasing substantially with age [26].

Our model’s emphasis on age at diagnosis, dementia, and patient’s age as significant
predictors of the PDQ-39 SI reflects the clinically observed interactions between these
variables and PD symptom severity. This alignment with established clinical knowledge
not only enhances the validity of our model but also underscores the potential utility of
our model in clinical settings. Utilizing these critical predictors, healthcare providers can
anticipate the likely trajectory of PD patients’ quality of life, aiding in the development of
personalized treatment plans. It is also worth noting that other variables, such as anxiety,
education, and some comorbidities, were identified as relevant by our feature selection
method but did not show as high importance in the final model’s predictions. These
variables might still be important for adjusting the model to control for confounding effects
and improve overall accuracy, even though they do not individually have strong predictive
power [27].

Although the model does provide important information on the features affecting the
PDQ-39 SI, it is also important to highlight that the predictive capabilities still demonstrate
some variation, especially in the validation set. This could indicate that while the clinical
variables are useful, the features available in the dataset do not entirely capture the PDQ-39
SI. The observed variability suggests that there are other influential factors impacting
the PDQ-39 SI that are not represented in the current dataset. As such, future research
should explore the inclusion of additional variables and data sources that may better reflect
the complexities of HRQoL in PD patients. This would potentially enhance the model’s
accuracy and provide a more comprehensive tool for clinical application.

4.2. Limitations

One of the key limitations of our study was the small sample size. This could have
contributed to the observed variations in performance metrics between the training and val-
idation sets as small sample sizes can significantly impact ML performance estimates [28].
Additionally, we decided to exclude incomplete data and only use complete observations,
resulting in a total of 627 valid entries. This decision was necessary because data impu-
tation negatively impacted model performance. Future research should aim to address
these limitations by incorporating larger and more diverse datasets, which could enhance
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the model’s generalizability and robustness. Exploring different imputation methods or
techniques to handle missing data more effectively might also improve model performance.

4.3. Comparison with Prior Work

Our study diverges from the approach taken by Candel-Parra et al. for predicting the
PDQ-39 SI score in patients with PD. Specifically, Candel-Parra et al. utilized classification
models to categorize the PDQ-39 SI score into binary categories (above or below 40),
whereas our study employed regression models to predict the actual score value [29]. This
distinction is particularly significant given the absence of established cut-off values for the
PDQ-39 SI score. Classification models, such as those used by Candel-Parra et al., require
such cut-offs to categorize outcomes, introducing potential arbitrariness and statistical
power loss when no clinically validated thresholds exist [29].

In contrast, our regression model predicts the actual PDQ-39 SI score, providing a
more nuanced and precise assessment of a patient’s quality of life. Treating the PDQ-39 SI
scores as a continuous variable aligns our model more closely with the actual behavior of
the scores, enhancing its applicability and interpretability in clinical settings. Furthermore,
our use of explainable ML techniques allows clinicians to simulate disease progression and
understand which variables are influencing the quality of life, providing actionable insights
that can inform treatment decisions and patient management. This feature is particularly
valuable, as it enables healthcare providers to tailor interventions specifically to the factors
that have the greatest impact on a patient’s HRQoL, such as early diagnosis, dementia, and
patient’s age.

5. Conclusions

The ensemble model developed in this study is a promising tool for healthcare
providers to predict the HRQoL of patients with Parkinson’s Disease, thereby aiding in
personalized treatment strategies. Given that PDQ-39 SI is commonly used as an endpoint
in clinical trials, the ability to predict this score could offer valuable insights for trial design
and patient management. By leveraging regression models, our approach offers a nuanced
understanding of a patient’s quality of life, filling a gap in existing research methodologies.

While the PDQ-39 is a reliable and valid tool for assessing HRQoL in PD patients, it
primarily serves as a cross-sectional assessment. In contrast, our predictive model enhances
the utility of the PDQ-39 by providing dynamic predictions of the PDQ-39 SI score based
on readily available clinical variables. This predictive capability allows for the simulation
of disease progression and the identification of key factors influencing HRQoL over time,
such as age at diagnosis, dementia, and patient’s age. Consequently, clinicians can gain
deeper insights into how individual patient characteristics and changes in clinical status
impact the quality of life, enabling more personalized and proactive management strategies.
The integration of explainable ML techniques further distinguishes our model by offering
transparency into the prediction process, thereby empowering healthcare providers to
understand and trust the model’s recommendations. The practical feature of utilizing
clinical variables that are typically available at the moment of use, as emphasized in a
recent critique of predictive models, enhances the usability and real-world applicability
of our model, setting it apart from models that depend on variables that are not readily
accessible in the clinical context [30].

Although the model’s performance on the validation set exhibited moderate variation,
it sets the stage for future research in aspects such as feature engineering, hyperparameter
optimization, and incorporation of additional clinically relevant variables. Moreover, the
model’s performance is likely to improve with a larger sample size, given the inherent
variability of patient-reported outcomes, such as those measured by the PDQ-39 SI. Future
work should also address the potential overfitting suggested by the difference in R2 values
between the training and validation sets.

While the model does provide important insights into the features affecting the PDQ-
39 SI, it is essential to recognize that the predictive capabilities still demonstrate some
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variation, especially in the validation set. This variability suggests that the current dataset’s
features do not entirely capture the PDQ-39 SI, indicating that additional variables and
data sources might be necessary to better reflect the complexities of HRQoL in PD patients.
Future research should explore these additional factors to enhance the model’s accuracy
and provide a more comprehensive tool for clinical application.

The potential impact of the model on clinical practice and clinical trials underscores
its value as a significant contribution to the field. Furthermore, the broader implications of
this work have the potential to significantly influence how healthcare providers approach
PD treatment, thereby contributing to more personalized and effective care.
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Abstract
Background  Parkinson’s disease (PD) considerably impacts health-related quality of life (HRQoL) through motor 
and non-motor symptoms. The Parkinson’s Disease Questionnaire-39 (PDQ-39) is the most widely used tool to assess 
HRQoL, encompassing eight dimensions and a Summary Index providing an overall score. Despite advances in 
machine learning (ML) for predicting disease symptoms and progression, its application to predict HRQoL across 
these dimensions remains underexplored.

Methods  This study uses complete-case data for 478 of 861 patients from PRISM, a cross-sectional observational 
survey conducted in six European countries in 2018–2019. Participants were adults with PD recruited through 
advocacy groups and clinical centers who completed online assessments, providing data on demographics, 
medication, comorbidities, and disease characteristics (Tolosa et al., 2021). ML models were trained to predict PDQ-39 
dimensions and Summary Index scores (0–100; higher = worse HRQoL). Features were preselected using the Boruta 
algorithm on the training data. Model selection was based on the lowest mean RMSE from 100 bootstrap resamples 
on the training set. Selected models were then retrained using 1000 bootstrap resamples for robust performance 
estimation. Final performance was evaluated on a held-out 20% validation set using R², MAE, and RMSE. Feature 
importance was assessed using permutation importance with MAE loss (100 permutations) on the held-out validation 
set. Factor Analysis of Mixed Data (FAMD) was used to explore patterns between non-motor symptoms and PDQ-39.

Results  Selected models: xgbTree (Summary Index; Activities of Daily Living) and gaussprPoly (all other PDQ-
39 dimensions). On the validation set, Summary Index/ Cognitions showed the strongest performance with R² = 
0.56/0.53, MAE = 9.60/12.39, RMSE = 12.66/16.20. Permutation feature importance ranked the Non-Motor Symptoms 
Questionnaire score (sum of 30 non-motor symptoms, range 0–30) as the most important predictor across all models. 
FAMD showed clustering of Social Support, Bodily Discomfort, and Stigma dimensions with Anxiety.

Conclusions  Our findings demonstrate the critical role of non-motor symptoms in predicting HRQoL in patients with 
PD. While ML models effectively predict overall HRQoL and cognitive aspects, achieving comparable performance 
on other dimensions may require additional variables to reduce error. These insights emphasize comprehensive 
treatment strategies addressing both motor and non-motor symptoms.
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Background
Parkinson’s disease (PD) is a progressive neurodegenera-
tive disorder that affects millions of people worldwide, 
with its global prevalence more than doubling between 
1990 and 2015, highlighting the growing burden of this 
condition [1, 2]. PD is primarily characterized by motor 
symptoms such as resting tremor, rigidity, bradykinesia, 
and postural instability, which are often accompanied 
by a variety of non-motor symptoms (NMS), including 
cognitive impairment, mental health disorders, sleep dis-
turbances, pain, and sensory disturbances [2–4]. These 
symptoms considerably reduce the health-related quality 
of life (HRQoL) in individuals with PD, making HRQoL 
an essential outcome measure in both clinical settings 
and research [5].

HRQoL instruments, particularly disease-specific mea-
sures, have become invaluable in capturing the personal 
impact of PD and the changes experienced by patients 
over time. Among these instruments, the Parkinson’s 
Disease Questionnaire-39 (PDQ-39) is the most widely 
used and validated tool for assessing HRQoL in patients 
with PD [5–8]. It covers eight dimensions of HRQoL: 
Activities of Daily Living, Bodily Discomfort, Cogni-
tions, Communication, Emotional Well-Being, Mobility, 
Social Support, and Stigma, providing a comprehensive 
overview of the disease’s impact on HRQoL [9]. As a 
patient-reported outcome measure, the PDQ-39 reflects 
outcomes that matter to patients and aligns with regu-
latory guidance: both the European Medicines Agency 
and the U.S. Food and Drug Administration emphasize 
the use of validated instruments to inform benefit–risk 
assessment and, when appropriate, to support claims in 
product labeling [10, 11].

The PDQ-39 Summary Index, hereafter referred to as 
the Summary Index, is a composite score derived from 
the individual eight dimensions of the PDQ-39 and is 
frequently used in clinical trials as a primary outcome 
measure to evaluate the overall impact of PD on patients’ 
lives [12, 13]. While the Summary Index provides a valu-
able summary of HRQoL, it can obscure the nuances 
captured by the individual dimensions, each reflecting 
a distinct aspect of the disease’s impact. Understanding 
the relationship between these dimensions and clinical 
variables is crucial for tailoring interventions to address 
the specific challenges faced by patients with PD. How-
ever, this remains challenging due to the complex and 
multifaceted nature of the disease, where symptoms 
can vary widely among individuals. Notably, non-motor 
symptoms (NMS), which are often among the most dis-
abling yet under-recognized aspects of PD, have been 

shown to considerably impact the quality of life [8]. The 
Non-Motor Symptoms Questionnaire (NMSQ) is a self-
reported instrument of 30 yes/no items covering com-
mon non-motor symptoms in PD. The total NMSQ score 
is obtained by summing the number of symptoms the 
patient reports, yielding a score from 0 to 30, with higher 
scores reflecting a greater burden of non-motor symp-
toms. This simple sum provides a practical, validated 
measure of overall non-motor symptom burden in PD 
[14].

Traditional statistical models often fall short in cap-
turing the nonlinear and high-dimensional relationships 
between the diverse clinical manifestations of PD and 
HRQoL. In response, ML methods have gained traction 
for their ability to model such complexity, with demon-
strated success in predicting disease progression, motor 
subtypes, and treatment response [15–24]. While these 
advances highlight the potential of ML in neurodegen-
erative disease modeling, most applications to date have 
concentrated on motor symptoms, digital monitoring, 
and disease classification.

In contrast, ML models targeting HRQoL in PD, par-
ticularly using the PDQ-39, remain limited. Most exist-
ing studies treat HRQoL as a secondary outcome or focus 
solely on the global Summary Index, overlooking the pre-
dictive modeling of its individual dimensions [25–28]. 
Building on our earlier work published in the Journal of 
Clinical Medicine (2024), which focused on predicting 
the Summary Index, this study addresses a critical gap 
by extending the analysis to the eight individual PDQ-39 
dimensions. By doing so, we aim to enhance the under-
standing of dimension-specific quality-of-life impacts 
and support more personalized clinical decision-making 
in PD care.

This study aims to achieve two critical objectives: first, 
to explore and clarify the relationship between standard 
clinical variables and both the PDQ-39 dimensions and 
the Summary Index; second, to develop and assess the 
potential of ML models for predicting these outcomes. 
By incorporating explainable ML techniques, this study 
seeks to enhance clinicians’ understanding of HRQoL 
outcomes, offering deeper insights into the factors most 
strongly associated with the different dimensions of 
HRQoL in PD. This approach is intended to inform more 
personalized treatment strategies, ultimately improving 
care and HRQoL for patients with PD.

Keywords  Parkinson’s disease, Health-related quality of life, Predictive modeling, Machine learning, Parkinson’s 
disease questionnaire-39, Explainable machine learning
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Materials and methods
Study overview and analysis workflow
Figure 1 summarizes the workflow from the PRISM data 
source and analytic sample selection through model 
development, evaluation, and interpretability. It is 
intended as an overview; full details are provided in the 
subsequent Methods subsections.

Database
The data for this study were sourced from the Parkinson’s 
Real-world Impact assesSMent (PRISM) study, a cross-
sectional observational research initiative conducted 
across six European countries: France, Germany, Italy, 
Portugal, Spain, and the United Kingdom. Detailed infor-
mation on the study design and recruitment can be found 
in Tolosa et al., 2021 [29]. The PRISM study included 861 

patients with PD and 256 caregivers, recruited via patient 
advocacy groups and clinical centers. Participants com-
pleted a comprehensive online survey comprising vali-
dated instruments, including the PDQ-39, the NMSQ, as 
well as questions on demographics, medication, comor-
bidities, disease characteristics, and healthcare resource 
utilization. This diverse database supports robust mod-
eling and generalizability to the wider European PD 
population.

Data preparation and analysis
The PRISM dataset underwent a data cleaning process 
using R statistical software (version 4.3.2) [30]. Sub-
sequently, all analyses were performed with the same 
software to ensure consistency and reproducibility. For 
categorical variables such as gender, medication, and 

Fig. 1  Diagram of the study’s workflow. PRISM, Parkinson’s Real-world Impact assesSMent; PDQ-39, Parkinson’s Disease Questionnaire-39; NMSQ, Non-
Motor Symptoms Questionnaire; RMSE, Root Mean Squared Error; MAE, Mean Absolute Error; R², Coefficient of Determination; ALE, Accumulated Local 
Effects; FAMD, Factor Analysis of Mixed Data. Note: “Recode categorical variables” refers to converting categorical variables to suitable numeric/dummy-
coded variables for modeling. Model selection was performed using the training set only; the validation set was reserved for final, unbiased performance 
assessment
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comorbidities, responses like “prefer not to say” and 
“other” were recoded as missing, as these options do not 
provide analyzable clinical information and would intro-
duce noise if retained. Most variables in the dataset had 
low rates of missing data; however, a notable exception 
was observed for the NMSQ, which had 31.2% miss-
ing responses. This suggests a pattern of survey fatigue, 
where respondents’ engagement decreased as the ques-
tionnaire progressed, leading to an increased number 
of missing responses. This indicates that the missing 
data in the NMSQ likely follow a missing not at random 
(MNAR) pattern, suggesting an attrition effect in survey 
completion. Additionally, the variables “age at diagnosis” 
and “current medication” exhibited an MNAR pattern, 
likely due to patients not recalling their age at PD diagno-
sis or being unaware of their current medication.

Although we initially attempted to address missing 
values using Multivariate Imputation by Chained Equa-
tions (MICE), this approach resulted in models with 
worse predictive capabilities [31]. Therefore, only cases 
with complete data for all variables required for model-
ing were retained, resulting in a final analytic sample of 
478 patients. No missing data remained in the analytic 
sample.

The analytic sample (n = 478) comprised 46.9% female 
and 53.1% male participants, with a mean age of 65.6 
years (Standard Deviation (SD) = 9.7 years). The distribu-
tions of the PDQ-39 dimensions and Summary Index are 
depicted in Fig.  2. The distribution of the NMSQ score 
is displayed in Fig.  3. Table  1 provides an overview of 
key variables from the 478 complete observations from 
PRISM database.

Internal consistency of the PDQ-39 Summary Index 
and its eight dimensions was assessed using Cronbach’s 
α in the retained sample (n = 478). Scoring followed stan-
dard procedures, with all scores ranging from 0 to 100 
and higher scores reflecting worse HRQoL. There were 
no missing items for the PDQ-39 in the analytic sample.

The dataset was then randomly partitioned into train-
ing (80%) and validation (20%) sets. This allocation allows 
for comprehensive model training on a diverse range of 
responses, critical for capturing the nuanced patterns of 
HRQoL assessments in PD, while still reserving a portion 
of the data for essential validation to assess model perfor-
mance and overfitting.

Model training
We selected machine learning approaches for their scal-
ability and proven ability to capture complex, nonlinear 
relationships that are often missed by traditional statis-
tical models. This framework supports robust prediction 
in moderate-sized datasets and can be readily extended 
to larger cohorts as more data becomes available.

For feature selection, we used the Boruta algorithm. 
This method is based on Random Forest models and 
works by checking which variables are truly useful for 
predicting each PDQ-39 dimension and the Summary 
Index [32–35]. Feature selection was performed exclu-
sively on the training set after the initial 80/20 train/
validation split, to avoid information leakage. Using this 
approach, we identified nine distinct sets of features spe-
cific to each of the PDQ-39 dimensions and the Summary 
Index (see Table 4 in the Results section). These nine sets 
were then utilized in training a diverse range of ML mod-
els, namely linear regression, boosted generalized linear 
model, extreme gradient boosting with linear models and 
decision trees, ridge regression, neural network regres-
sion, LASSO regression, random forest, k-nearest neigh-
bors, support vector machines with radial basis function 
and polynomial kernels, and Gaussian processes (linear, 
polynomial, and radial kernels), incorporating essential 
pre-processing steps such as centering and scaling with 
the caret package [36].

To evaluate the performance and stability of these 
models in a dataset characterized by limited size and 
high variability, we utilized bootstrap resampling exclu-
sively on the training set, using the standard nonpara-
metric (Efron’s) bootstrap method [36, 37]. Bootstrap is 
a well-established approach that provides a more reli-
able estimate of the generalizability of machine learning 
models, particularly in smaller datasets, by generating 
multiple resampled sets and reducing the bias inherent 
in model evaluation [38]. Initially, each candidate model 
was evaluated using 100 bootstrap resamples, and the 
model with the lowest average Root Mean Squared Error 
(RMSE) in the training set was selected for each out-
come, as RMSE is widely recognized for its effectiveness 
in assessing predictive performance by penalizing larger 
errors more than smaller ones [38]. The selected models 
were then retrained on the training set using 1000 boot-
strap resamples to obtain robust estimates of their pre-
dictive performance.

The held-out validation set (20% of the data) was 
reserved strictly for final, unbiased model evaluation and 
was not subjected to bootstrap resampling. Validation 
set metrics were calculated as single-point estimates to 
reflect true out-of-sample predictive performance.

Model evaluation
The performance of the models was evaluated using mul-
tiple metrics on both the training set (80%) and the vali-
dation set (20%) to assess generalizability and overfitting. 
The validation set was specifically reserved for the final 
evaluation to ensure an unbiased assessment of models’ 
performance. Mean Absolute Error (MAE) quantifies 
the average magnitude of prediction errors, providing a 
straightforward measure of how much predicted values 
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deviate from true values. RMSE offers insight into the 
typical magnitude of prediction errors by emphasizing 
larger errors due to its squared nature, while the Coef-
ficient of Determination (R²) indicates the proportion 
of variance in the dependent variable explained by the 
model, highlighting its explanatory power. In addition to 
these metrics, scatter plots of predicted versus true val-
ues were used to evaluate how well predictions matched 
the observations, and studentized residual plots were 
examined for patterns or systematic errors. Together, 
these quantitative and visual evaluation tools provide a 

comprehensive assessment of model performance and 
robustness.

Because the Summary Index captures overall HRQoL 
and each model targets different aspects of patient 
experience, we evaluated and compared the predictive 
performance across all models. This allows us to see 
whether overall or specific outcomes are predicted with 
lower error and gives a broader view of which aspects of 
HRQoL are most predictable in this dataset.

Fig. 2  Distribution and density plots of PDQ-39 dimensions and Summary Index scores across 478 patients from the PRISM study
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Interpretable machine learning analysis
To elucidate the importance and model reliance on each 
feature within our predictive models, we employed inter-
pretable ML techniques, with a particular focus on Per-
mutation Feature Importance (PFI). Utilizing the iml 
package in R, PFI provides deeper insight into the behav-
ior of the ML models [39]. The core concept of PFI is to 
measure the increase in the model’s prediction error after 
the permutation of each feature’s values, which disrupts 
the relationship between the feature and the true out-
come. A considerable increase in error indicates that the 
model depends heavily on that feature for predictions, 
while minimal or no change implies that the feature is 
not as relevant in the predictive process [40]. However, 
it’s crucial to recognize that even features with minimal 
changes in prediction error may still contribute mean-
ingfully to the overall performance of the model. These 
variables, while not strongly predictive on their own, can 
add complementary information and interact with other 
predictors, which may enhance model generalizability 
[41]. Feature importance was estimated using the final 
fitted model (i.e., the best-performing algorithm for each 
dimension and the Summary Index) applied to the inde-
pendent validation set. We assessed feature importance 
in our models using MAE as the error metric for PFI cal-
culations. This process was repeated 100 times to ensure 

robust estimates, with the results averaged to provide a 
clearer view of the models’ reliance on each variable.

Additionally, to understand the impact of specific 
variables on our outcomes, we employed Accumulated 
Local Effects (ALE) plots. ALE plots allow us to visual-
ize the effect of a feature on the predicted outcome while 
accounting for interactions with other features, particu-
larly in datasets with correlated predictors [40, 42]. By 
generating ALE plots for the most relevant features iden-
tified through PFI, we were able to interpret how changes 
in these features affect the PDQ-39 dimensions and the 
Summary Index.

Furthermore, during our analysis, we observed that the 
NMSQ score (sum of non-motor symptoms reported by 
the patient) consistently ranked as the most important 
predictor across all ML models, when compared to the 
full set of clinical and demographic variables included in 
the models (see Table 4 in the Results section).

Exploratory multivariate analysis using FAMD
Given that the NMSQ comprises 30 items assessing 
various symptoms, we performed a Factor Analysis of 
Mixed Data (FAMD) to explore the underlying structure 
and relationships among these items, the eight PDQ-
39 dimensions, and the Summary Index. FAMD is par-
ticularly suited for mixed data types and simplifies data 
complexity by identifying principal dimensions that 

Fig. 3  Distribution and density of NMSQ score across 478 patients from the PRISM study
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capture the most variance (inertia) in the dataset [43]. 
This approach elucidates how variables co-vary by group-
ing associated variables in proximity, thereby revealing 
underlying patterns and dimensions. FAMD is explor-
atory and should not be interpreted as indicating predic-
tive importance or causality.

Results
Psychometric Properties of the PDQ-39
Internal consistency of the PDQ-39 Summary Index and 
its eight dimensions was assessed using Cronbach’s 𝛼. 
Reliability was excellent for the Summary Index (α = 0.96) 
and generally high for individual dimensions, ranging 
from α = 0.71 (Bodily Discomfort) to α = 0.96 (Mobil-
ity). Detailed results for all dimensions are presented in 
Table 2.

Characteristics Overall
(N = 478)

Demographics
Age, years
  Mean (SD) 65.6 (9.7)
  Median [IQR] 66.0 [59.0;72.0]
  Min, Max [38.0;91.0]
Gender
  Female 224 (46.9%)
  Male 254 (53.1%)
Country
  France 19 (4.0%)
  Germany 50 (10.5%)
  Italy 141 (29.5%)
  Portugal 45 (9.4%)
  Spain 82 (17.2%)
  UK 141 (29.5%)
Education
  University 206 (43.1%)
  No University 272 (56.9%)
NMS Questionnaire
  Mean (SD) 12.5 (5.9)
  Median [IQR] 12.0 [8.0;17.0]
  Min, Max [0.0;28.0]
Comorbidities
  Anxiety 72 (15.1%)
  Asthma 25 (5.2%)
  Cancer 23 (4.8%)
  Chronic Obstructive Pulmonary Disease 10 (2.1%)
  Dementia 24 (5.0%)
  Depression 97 (20.3%)
  Diabetes (type 1 or 2) 29 (6.1%)
  Gastric ulcer 22 (4.6%)
  Heart issues 36 (7.5%)
  High blood pressure 126 (26.4%)
  Kidney disease 9 (1.9%)
  Liver disease 8 (1.7%)
  Peripheral vascular arterial disease 18 (3.8%)
  Rheumatic diseases 44 (9.2%)
  Stroke 7 (1.5%)
PD Medication (current)
  Amantadine 47 (9.8%)
  Anticholinergics 8 (1.7%)
  Catechol-O-methyltransferase inhibitor 60 (12.6%)
  Dopamine agonists 248 (51.9%)
  Levodopa 404 (84.5%)
  Monoamine oxidase-B
inhibitor

191 (40.0%)

  Rivastigmine 17 (3.6%)
PDQ-39
  Activities of Daily Living
  Mean (SD) 30.7 (27.1)
  Median [IQR] 20.8 [8.3;45.8]
  Min, Max [0.0;100.0]

Table 1  Descriptive statistics of the complete observations from 
PRISM database Characteristics Overall

(N = 478)
Bodily Discomfort
  Mean (SD) 39.9 (23.1)
  Median [IQR] 41.7 [18.8;58.3]
  Min, Max [0.0;91.7]
Cognitions
  Mean (SD) 31.7 (22.6)
  Median [IQR] 31.2 [12.5;43.8]
  Min, Max [0.0;93.8]
Communication
  Mean (SD) 25.7 (23.5)
  Median [IQR] 16.7 [8.3;41.7]
  Min, Max [0.0;100.0]
Emotional Well-Being
  Mean (SD) 33.1 (23.5)
  Median [IQR] 29.2 [12.5;50.0]
  Min, Max [0.0;100.0]
Mobility
  Mean (SD) 35.8 (29.9)
  Median [IQR] 30.0 [10.0;57.5]
  Min, Max [0.0;100.0]
Social Support
  Mean (SD) 16.7 (19.7)
  Median [IQR] 8.3 [0.0;25.0]
  Min, Max [0.0;91.7]
Stigma
  Mean (SD) 21.7 (21.4)
  Median [IQR] 18.8 [6.2;31.2]
  Min, Max [0.0;87.5]
Summary Index
  Mean (SD) 29.4 (17.9)
  Median [IQR] 25.1 [15.2;41.3]
  Min, Max [1.3;89.3]
IQR, interquartile range; NMS, Non-Motor Symptoms; PD, Parkinson’s disease; 
PDQ-39, Parkinson’s Disease Questionnaire-39; SD, standard deviation

Table 1  (continued) 
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Predictive model performance
Performance metrics for the training set are reported as 
mean (95% CI) [SD] from 1000 bootstrap resamples; vali-
dation set values are single point estimates from the inde-
pendent validation set. Table  3 presents a summary of 
the performance metrics (MAE, RMSE, and R²) for both 
training and validation sets, alongside the selected mod-
els for each PDQ-39 dimension and the Summary Index. 
The Extreme Gradient Boosting with Decision Trees 
(xgbTree) model was selected as the best-performing 

model for both the Summary Index and the Activities of 
Daily Living dimension, while the Gaussian Process with 
Polynomial Kernel (gaussprPoly) was chosen for all other 
dimensions.

Training and validation results were broadly similar 
across outcomes, indicating limited overfitting. The Sum-
mary Index model outperformed the individual dimen-
sions models, achieving the lowest MAE (9.60) and 
RMSE (12.66), and the highest R² (0.56) in the validation 
set. The Cognitions dimension model also demonstrated 
strong predictive performance, with an R² of 0.53, MAE 
of 12.39, and RMSE of 16.20 in the validation set. This 
indicates that the model explained over half of the vari-
ance in Cognitions scores and produced relatively low 
average prediction errors, suggesting good predictive 
performance for this dimension.

The Mobility model explained nearly half the vari-
ance (R²=0.48) but had relatively high MAE/RMSE 
(18.02/22.88), suggesting substantial average predic-
tion errors. This indicates that while the model captures 
general trends in Mobility, its predictions for individual 
patients may lack precision due to larger errors. The 
Emotional Well-Being model had an R² of 0.36, with an 
MAE of 14.78 and RMSE of 19.50. Although the R² is 

Table 2  Internal consistency (Cronbach’s 𝛼) for the PDQ-39 
summary index and individual dimensions (0–100 scale, n = 478)
Dimensions Cronbach 𝛼
Activities of Daily Living 0.91
Bodily Discomfort 0.71
Cognitions 0.77
Communication 0.83
Emotional Well-Being 0.90
Mobility 0.96
Social Support 0.73
Stigma 0.76
Summary Index 0.96
Cronbach’s α ≥ 0.70 indicates acceptable internal consistency; α ≥ 0.80 indicates 
good consistency; α ≥ 0.90 indicates excellent consistency

Table 3  Results
PDQ-39 dimension / Summary Index Training Validation Model selected

MAE RMSE R² MAE RMSE R²
Activities of Daily Living 15.12

(13.52–16.98)
[0.89]

19.40
(17.21–21.80)
[1.14]

0.47
(0.35–0.57)
[0.06]

18.33 24.41 0.33 xgbTree

Bodily Discomfort 15.27
(13.79–16.78)
[0.77]

18.90
(17.09–20.63)
[0.91]

0.29
(0.18–0.40)
[0.05]

17.82 21.63 0.32 gaussprPoly

Cognitions 12.55
(11.29–13.88)
[0.67]

15.64
(13.96–17.14)
[0.82]

0.52
(0.41–0.61)
[0.05]

12.39 16.20 0.53 gaussprPoly

Communication 14.89
(13.34–16.41)
[0.80]

18.88
(16.83–20.91)
[1.07]

0.36
(0.25–0.47)
[0.06]

13.70 18.44 0.37 gaussprPoly

Emotional Well-Being 13.45
(12.08–14.83)
[0.74]

17.24
(15.49–18.99)
[0.91]

0.46
(0.36–0.56)
[0.05]

14.78 19.50 0.36 gaussprPoly

Mobility 17.96
(16.30-19.64)
[0.87]

22.14
(19.99–24.31)
[1.12]

0.44
(0.33–0.54)
[0.05]

18.02 22.88 0.48 gaussprPoly

Social Support 13.50
(12.16–14.90)
[0.70]

17.44
(15.49–19.41)
[1.04]

0.17
(0.08–0.28)
[0.05]

14.87 19.08 0.26 gaussprPoly

Stigma 15.49
(14.00-17.02)
[0.80]

19.40
(17.34–21.54)
[1.08]

0.20
(0.09–0.30)
[0.05]

14.96 19.34 0.23 gaussprPoly

Summary Index 8.99
(8.04–9.91)
[0.49]

11.45
(10.16–12.73)
[0.64]

0.58
(0.48–0.67)
[0.05]

9.60 12.66 0.56 xgbTree

Values for the training set are reported as mean (95% CI) [SD] from 1000 bootstrap resamples. Validation set metrics are single-point estimates computed on the 
independent validation set. All model predictors were standardized (centered and scaled) using caret’s preprocessing step prior to training. MAE, Mean Absolute 
Error; RMSE, Root Mean Squared Error; R², Coefficient of Determination
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lower than that of the Mobility model, the lower MAE 
and RMSE values indicate smaller average prediction 
errors, reflecting moderate predictive capability with bet-
ter precision compared to the Mobility model.

Interestingly, the models for Stigma and Social Sup-
port, despite having lower R² values (0.23 and 0.26, 
respectively), exhibited lower MAE and RMSE values 
compared to models like Mobility. The Stigma model had 
an MAE of 14.96 and RMSE of 19.34, while the Social 
Support model had an MAE of 14.87 and RMSE of 19.08. 
These lower error metrics suggest that, on average, the 
predictions for Stigma and Social Support were closer to 
the true values, even though the models explained less 
variance in the outcomes. This could be attributed to 
lower variability in the Stigma and Social Support scores, 
where even small prediction errors can result in lower R² 
values due to the limited variance in these dimensions.

The Activities of Daily Living and Bodily Discom-
fort models showed lower predictive performance. The 
Activities of Daily Living model had an R² of 0.33, with 
the highest MAE (18.33) and RMSE (24.41), indicating 
considerable prediction errors. Similarly, the Bodily Dis-
comfort model had an R² of 0.32, an MAE of 17.82, and 
an RMSE of 21.63. These higher error metrics suggest 
that these dimensions were more challenging to predict, 
likely reflecting variability from factors not captured by 
the available features.

Scatter and residuals analysis
In Fig. 4, which presents scatter plots of predicted versus 
true values, the Summary Index model demonstrates the 
best fit, with predictions closely clustering around the red 
dashed line, reflecting its superior performance metrics. 
Cognitions, Emotional Well-Being, and Communication 
also show an adequate fit, with reasonable alignment 
between predicted and true values. However, for Mobil-
ity, while the model performs well for lower true values, it 
tends to underpredict higher scores. Similarly, the mod-
els for Bodily Discomfort, Social Support, and Stigma 
slightly overpredict lower values and underpredict higher 
ones, indicating a regression toward the mean. The Activ-
ities of Daily Living model emerges as having the highest 
prediction error, with substantial deviations from the red 
dashed line, signaling lower predictive performance.

In Fig. 5, which presents residual plots for each model, 
we observe distinct patterns in model performance. The 
residuals for the Summary Index are evenly distributed 
around zero with low spread, reflecting a well-fitted 
model with strong predictive performance. Similarly, 
the Cognitions and Emotional Well-Being models show 
residuals that are clustered around zero, indicating a 
solid fit and minimal error variance. Both Communi-
cation and Bodily Discomfort exhibit a wider spread of 
residuals from zero, although their distribution remains 

centered, indicating moderate performance. While these 
models capture some trends in the data, their larger 
residual spread suggests less precision compared to mod-
els like the Summary Index and Cognitions. The Mobil-
ity model demonstrates a good fit for lower predicted 
values, but exhibits an asymmetrical spread at higher 
values, with a greater number of residuals above zero, 
suggesting underprediction for larger outcomes. The 
models for Activities of Daily Living and Stigma exhibit 
larger residuals across the prediction spectrum. In par-
ticular, Activities of Daily Living shows consistently large 
errors, indicating poor performance, while Stigma and 
Social Support display heteroscedasticity, with increasing 
residual variance as predicted values rise, indicating that 
the models become less reliable when predicting higher 
values.

Overall, the scatter and residual analyses confirm vary-
ing model performance: Summary Index, Cognitions, 
and Emotional Well-Being demonstrate strong predic-
tive capabilities. Communication and Bodily Discomfort 
show moderate performance, and Activities of Daily Liv-
ing exhibits the poorest performance. Four models dis-
play specific patterns: Communication, Social Support, 
and Stigma exhibit heteroscedasticity, while Mobility 
shows asymmetric residual distribution.

Feature importance
In Fig. 6, the feature importance analysis highlights the 
universal relevance of the NMSQ score across all mod-
els, consistently ranking as the top predictor in every 
PDQ-39 dimension and the Summary Index. These find-
ings reinforce the central predictive role of NMSQ and 
align with prior evidence that greater non-motor symp-
tom burden is highly associated with poorer HRQoL [25, 
26, 44]. Other clinical variables also showed importance 
in specific dimensions. Age was particularly relevant in 
both Mobility and Activities of Daily Living. Notably, 
for Mobility, age had nearly the same importance as the 
NMSQ score, indicating its critical role in predicting out-
comes in this dimension. Dementia emerged as an impor-
tant predictor in the Cognitions dimension, aligning with 
the well-established link between cognitive decline and 
dementia in patients with PD. Despite these findings, the 
overall predictive contribution of these clinical variables 
was less pronounced than that of the NMSQ score. Fea-
ture importance values for all selected variables are dis-
played in Table 4.

Accumulated local effects
The ALE plots in Fig. 7 illustrate the effect of increasing 
NMSQ scores on the predicted values for each dimen-
sion and the Summary Index. ALE plots allow us to visu-
alize the isolated effect of a single feature, in this case, 
the NMSQ scores, on the models’ predictions while 
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accounting for interactions with other features. The 
x-axis represents the NMSQ score values, and the y-axis 
represents the accumulated local effect of these scores 
on the predicted outcomes, centered around zero, where 
zero indicates no impact on the predicted outcome. An 
upward trend in ALE values indicates that as NMSQ 
scores increase, the model predicts worsening HRQoL 
outcomes, reflecting the detrimental impact of non-
motor symptoms.

In general, higher NMSQ scores were associated with 
worsening HRQoL, as evidenced by increasing ALE val-
ues across dimensions. However, the pattern and strength 
of this relationship varied by dimension. Both the Activi-
ties of Daily Living dimension and the Summary Index 
displayed pronounced stepwise patterns in the ALE plots, 
which is consistent with the behavior of the tree-based 
extreme gradient boosting models (xgbTree) selected for 
these two outcomes. These models create plateaus and 
jumps in predictions, which appear as steps in the ALE 

Fig. 4  Predicted vs. true values for PDQ-39 dimensions and summary index. The black dots represent individual predictions, and the red dashed line 
represents the line of perfect prediction where predicted values would equal true values. Predictions were generated on the independent validation set 
using the following fitted algorithms: xgbTree for Summary Index and Activities of Daily Living; and gaussprPoly for all other dimensions
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curves. The discrete NMSQ score scale (0–30) may fur-
ther accentuate this appearance. In contrast, the Stigma 
dimension showed a steep increase at higher NMSQ 
scores, highlighting the pronounced impact of non-
motor symptoms on patients’ perceived social standing 
and experiences of stigma. For the remaining dimensions, 
the relationship between NMSQ scores and predicted 
outcomes appeared fairly linear, indicating a consistent 
association between higher NMSQ scores and worse pre-
dicted HRQoL in these dimensions.

Factor analysis of mixed data
In Fig.  8, the FAMD plot visualizes associations in a 
low-dimensional factor space: closer proximity indicates 
stronger associations (co-variation), whereas greater 
distances reflect weaker associations. Summary Index, 
Cognitions, and Emotional Well-Being are the most 
distant from other variables. Their isolation may reflect 
broader, non-specific associations with multiple NMS, 
rather than ties to particular items. Activities of Daily 
Living, Communication, and Mobility appear relatively 

Fig. 5  Studentized residuals for each PDQ-39 dimension and summary index model, plotted against predicted values from the validation set. The red 
dashed line indicates zero residual error. The orange dotted lines mark ± 2 standard deviations. Residuals were generated on the independent validation 
set using the following fitted algorithms: xgbTree for Summary Index and Activities of Daily Living; and gaussprPoly for all other dimensions
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close to each other. Although they remain distant from 
individual NMS, their proximity suggests some level of 
association (co-variation) among these dimensions. This 
suggests that patients’ daily functioning, communica-
tion, and mobility may reflect shared underlying factors, 
rather than specific non-motor symptoms. Social Sup-
port, Bodily Discomfort, and Stigma form a cluster near 
Anxiety, indicating an association. In particular, Social 
Support is positioned very close to Anxiety, indicating a 
strong association between perceived social support and 
anxiety levels in patients with PD.

Discussion
Principal results
Our study demonstrates that while the Summary Index 
and the Cognitions dimension can be predicted with 
relatively low prediction error using common clini-
cal variables and NMS, other dimensions present more 

challenges. Models for these two areas showed strong 
performance, indicating that overall HRQoL and cog-
nitive aspects can be effectively estimated. In contrast, 
dimensions such as Mobility, Activities of Daily Living, 
and Bodily Discomfort were more difficult to predict, 
suggesting that additional variables may be necessary to 
improve model fit for these aspects of HRQoL.

The NMSQ score emerged as the most important 
feature across all ML models, underscoring the perva-
sive association of NMS with HRQoL in patients with 
PD. This aligns with previous studies highlighting the 
substantial burden of NMS on patients’ daily lives and 
emphasizes the need for comprehensive management 
strategies addressing both motor and non-motor symp-
toms in PD [25, 26, 44]. Apart from the NMSQ score, 
certain clinical variables were important predictors for 
specific dimensions. Age was notably important for 
Mobility and Activities of Daily Living, reflecting the 

Fig. 6  Feature importance for predictive models of PDQ-39 dimensions and summary index. Importance was assessed as the mean increase in MAE after 
permuting each feature (100 permutations), using the final fitted models applied to the independent validation set
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Variables Importance Per-
muta-
tion 
error

Activities of Daily Living model
  NMSQ score 1.27 23.21
  Age 1.17 21.47
  Dementia 1.08 19.74
  Age at diagnosis 1.05 19.27
  Currently taking Monoamine oxidase-B 
inhibitor

1.02 18.61

  Cancer 1.01 18.45
  Number of comorbidities 1.00 18.33
  Peripheral vascular arterial disease 1.00 18.33
  Gastric ulcer 1.00 18.33
  Anxiety 1.00 18.29
  Currently taking rivastigmine 1.00 18.26
  Gender 0.99 18.18
  Country 0.98 18.00
Bodily Discomfort model
  NMSQ score 1.26 22.48
  Gender 1.05 18.62
  Dementia 1.01 18.06
  Number of comorbidities 1.00 17.90
  First prescribed oral medication con-
tained levodopa

1.00 17.85

  Age at diagnosis 1.00 17.84
  Age 1.00 17.83
  Cancer 1.00 17.78
  Anxiety 1.00 17.76
Cognitions model
  NMSQ score 1.57 19.39
  Dementia 1.11 13.78
  Currently taking rivastigmine 1.02 12.58
  Age 1.02 12.58
  Country 1.01 12.50
  Depression 1.01 12.48
  Heart issues 1.01 12.46
  Gastric ulcer 1.01 12.46
  Peripheral vascular arterial disease 1.01 12.46
  Age at diagnosis 1.00 12.44
  Number of comorbidities 1.00 12.44
  First prescribed oral medication con-
tained levodopa

1.00 12.40

Communication model
  NMSQ score 1.39 19.04
  Age at diagnosis 1.06 14.59
  Dementia 1.06 14.57
  Age 1.02 13.95
  Country 1.01 13.89
  Depression 1.00 13.71
  Anxiety 1.00 13.69
  Currently taking rivastigmine 1.00 13.65

Table 4  Features selected by Boruta algorithm and their 
permutation-based importance in each PDQ-39 dimension and 
summary index model

Variables Importance Per-
muta-
tion 
error

  Currently taking Monoamine oxidase B 
inhibitor

0.99 13.61

  First prescribed oral medication con-
tained levodopa

0.99 13.61

  Cancer 0.99 13.59
  Number of comorbidities 0.99 13.56
Emotional Well-Being model
  NMSQ score 1.39 20.53
  Depression 1.06 15.70
  Gender 1.03 15.16
  Number of comorbidities 1.02 15.03
  Anxiety 1.01 14.99
  Country 1.01 14.96
  Dementia 1.00 14.85
  Age 1.00 14.74
  Peripheral vascular arterial disease 0.99 14.60
  Age at diagnosis 0.98 14.47
Mobility model
  NMSQ score 1.27 22.80
  Age 1.25 22.48
  Age at diagnosis 1.06 19.09
  Dementia 1.05 18.91
  First prescribed oral medication con-
tained levodopa

1.02 18.42

  Currently taking rivastigmine 1.01 18.29
  Depression 1.01 18.27
  Peripheral vascular arterial disease 1.01 18.21
  Currently taking Levodopa 1.01 18.12
  Anxiety 1.00 18.09
  Rheumatic diseases 1.00 17.99
  Number of comorbidities 1.00 17.97
Social Support model
  NMSQ score 1.21 17.93
  Age at diagnosis 1.02 15.12
  Age 1.01 14.95
  Anxiety 1.00 14.92
  Number of comorbidities 1.00 14.89
  Gastric ulcer 1.00 14.87
  Depression 1.00 14.87
Stigma model
  NMSQ score 1.21 18.07
  Age 1.07 15.96
  First prescribed oral medication con-
tained levodopa

1.06 15.82

  Currently taking rivastigmine 1.04 15.62
  Anxiety 1.04 15.55
  Kidney disease 1.04 15.49
  Age at diagnosis 1.01 15.14
Summary Index model
  NMSQ score 1.77 17.00
  Dementia 1.04 10.03

Table 4  (continued) 
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impact of age-related decline on functional abilities. 
Dementia considerably contributed to the prediction 
of the Cognitions dimension, aligning with established 
associations between cognitive decline and dementia in 
PD [45].

The ALE plots revealed that higher NMSQ scores are 
associated with worsening HRQoL across all dimensions, 
with some exhibiting nonlinear relationships. Specifi-
cally, the Stigma dimension’s predicted scores increased 
nonlinearly, with steeper rises at higher NMSQ scores. 
This indicates that as the burden of NMS becomes more 
severe, feelings of stigma disproportionately intensify, 
highlighting the escalating impact of NMS on this aspect 
of HRQoL.

Furthermore, the FAMD visualization offered a 
nuanced understanding of the associations between 
NMS, PDQ-39 dimensions, and the Summary Index. 
Summary Index, Cognitions, and Emotional Well-Being 
were positioned distantly from other variables, suggest-
ing broader, non-specific associations with multiple NMS 
rather than ties to particular symptoms. In contrast, 
Social Support, Bodily Discomfort, and Stigma clustered 
near Anxiety, indicating an association. This suggests that 
targeted interventions addressing specific NMS may ben-
efit certain HRQoL dimensions.

Overall, these findings reflect the multifaceted nature 
of HRQoL in PD. The varying model performance sug-
gests that incorporating additional variables may be nec-
essary to improve prediction for certain dimensions of 
HRQoL.

Comparison to previous work
Our findings corroborate prior research that emphasizes 
the considerable impact of NMS on HRQoL in patients 
with PD [25, 26, 44]. By employing ML models to pre-
dict individual PDQ-39 dimensions, our study extends 

previous work that predominantly focused on overall 
HRQoL. This approach provides a more detailed under-
standing of how specific symptoms and clinical variables 
are associated with distinct aspects of patients’ lives. 
Moreover, we addressed potential overfitting issues iden-
tified in our earlier study [27] by refining our modeling 
techniques and including additional variables, result-
ing in more robust and generalizable models. The use of 
interpretable ML methods offers novel insights into the 
complex relationships between NMS and HRQoL dimen-
sions, contributing to a deeper comprehension of factors 
affecting patient well-being.

Limitations
While our study provides important insights, a couple 
of limitations should be acknowledged. First, there was 
a considerable amount of missing data, particularly 
towards the end of the database, suggesting that partici-
pants experienced survey fatigue and stopped completing 
the survey. We attempted data imputation to address the 
missing values, but this resulted in worse model perfor-
mance. Consequently, we excluded incomplete observa-
tions, resulting in a reduced sample size, which may have 
affected the generalizability and robustness of our mod-
els. Second, the models were developed using data from 
European patients, which may limit their applicability to 
other populations.

Future directions
Future studies should aim to include more diverse popu-
lations from different demographic and cultural back-
grounds to enhance the generalizability of the models. 
Incorporating psychosocial factors such as socioeco-
nomic status, social support networks, and environmen-
tal influences may reduce prediction error for HRQoL 
dimensions like Stigma and Social Support. Additionally, 
using larger datasets or exploring methods to effectively 
handle missing data could enhance predictions for chal-
lenging dimensions. Longitudinal studies would also 
be beneficial to model disease progression and capture 
changes in HRQoL over time.

Conclusions
Our study confirms that NMS are critical predictors of 
HRQoL in patients with PD. Utilizing ML models, we 
successfully predicted the Summary Index and the Cog-
nitions dimension with relatively low prediction error, 
underscoring the profound impact of NMS on both 
overall and cognitive aspects of HRQoL. However, pre-
dicting other dimensions such as Mobility, Activities of 
Daily Living, and Bodily Discomfort remains challenging, 
indicating the need for additional variables to enhance 
predictive performance. The crucial role of NMS for pre-
dicting HRQoL emphasizes the necessity for integrated 

Variables Importance Per-
muta-
tion 
error

  Age 1.04 10.02
  Age at diagnosis 1.04 9.94
  Cancer 1.01 9.69
  Depression 1.00 9.62
  Peripheral vascular arterial disease 1.00 9.62
  Anxiety 1.00 9.60
  Gastric ulcer 1.00 9.60
  Currently taking rivastigmine 1.00 9.60
  Country 1.00 9.59
  Number of comorbidities 1.00 9.59
Features selected through Boruta for each of the models. Feature Permutation 
Importance: Mean increase in MAE after permuting the feature (100 
permutations); permutation error: standard deviation of the MAE increase 
across permutations

Table 4  (continued) 
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management approaches that address both motor and 
non-motor symptoms in PD.

Despite limitations related to missing data and the 
study’s European-centric dataset, our findings offer 
valuable insights into the complex interplay between 
NMS and HRQoL. By identifying specific clinical vari-
ables associated with certain HRQoL dimensions, our 
study contributes to the development of more targeted 
and effective interventions aimed at improving patient 
outcomes. Future research should focus on incorpo-
rating diverse populations, psychosocial factors, and 

longitudinal data to further refine predictive models and 
enhance HRQoL outcomes for patients with PD.

In conclusion, this study advances our understanding 
of how NMS affect various dimensions of HRQoL in PD, 
demonstrating the potential of ML models in personaliz-
ing patient care and informing clinical decision-making. 
These insights pave the way for more nuanced approaches 
to managing PD, ultimately aiming to improve the quality 
of life for those affected by this debilitating disease.

Fig. 7  ALE plots of NMSQ scores on PDQ-39 dimensions and Summary Index, computed from the final fitted models and evaluated on the independent 
validation set
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