UNIVERSITE DU
LUXEMBOURG

PhD-FSTM-2025-020
The Faculty of Science, Technology and Medicine

DISSERTATION

Defence held on 11 March 2025 in Esch-sur-Alzette

to obtain the degree of

DOCTEUR DE L’UNIVERSITE DU LUXEMBOURG

EN SCIENCES EXACTES ET NATURELLES
by
Rebecca LOO TING JIIN

Born on 1 July 1989 in Selangor, (Malaysia)

CROSS-COHORT STATISTICAL AND MACHINE
LEARNING ANALYSIS OF COMPLICATIONS IN
PARKINSON’S DISEASE

Dissertation defence committee

Dr. Enrico Glaab, dissertation supervisor
Assistant Professor, Université du Luxembourg

Dr. Jorge Goncalves, Chairman
Professor, Université du Luxembourg

Dr. Guy Fagherazzi, Vice Chairman
Director of the Department of Precision Health, Luxembourg Institute of Health

Dr. Ramon Diaz-Uriarte
Professor, Universidad Auténoma de Madrid

Dr. Jean-Christophe Corvol
Professor, Paris Brain Institute






UNIVERSITE DU
LUXEMBOURG

PhD-FSTM-2025-020

Faculty of Science, Technology and Medicine

DISSERTATION

Presented on 11 March 2025 in Luxembourg
to obtain the degree of

DOCTEUR DE L’UNIVERSITE DU LUXEMBOURG
EN SCIENCES EXACTES ET NATURELLES

by

Rebecca LOO TING JIIN
Born on 1 July 1989 in Selangor (Malaysia)

Cross-cohort Statistical and Machine Learning Analysis of
Complications in Parkinson’s Disease






Affidavit

I hereby confirm that the PhD thesis entitled “Cross-cohort Statistical and Machine Learning Analysis of
Complications in Parkinson’s Disease” has been written independently and without any other sources
than cited.

Rebecca Loo Ting Jiin
Luxembourg
March 2025






Contents

[Abstract

[Acknowledgements|

[ist of abbreviations|
[List of Figures|

[List of Tables|

1 Introduction|

i

Background| . . . . ...

[1.3.2  Time-to-eventanalysis| . . . . . . . ... ... ... . L
[1.3.3  Cross-cohortanalysis|. . . . ... ... ... .. ... . ... ... .. ... ...

|2 Aims and scope of the thesis|

2.1

Novel aspects of thiswork{ . . . .. ... ... ... ... . ... ... ... ..

B2

Data preprocessing| . . . . . . . . ...

[3.2.1  Variable aggregation| . . . . ... ... ...
[3.2.2  Missing value imputation| . . . . . ... ... Lo L
[3.2.3  Categoricalencoding|. . . . . . . ... ...
[3.2.4  Cross-study normalization| . . . . . . ... .. ... ... .. ... ... .. ...

B3

III

v

VI

VIII

AN U R W WD

NoRReCRELN BN |



B5 Cross-validationl . . . . . ... ... 19
[3.6 Model interpretability|. . . . . . . ... .. 22
[3.7 Model performance evaluation| . . . . ... ... ... ... 0000000 23
[3.8  Comparison of selected features across difterent cohorts| . . . .. ... ... ... ... 25
[3.9  Univariate analysis| . . . .. . . . .. .. 25
[3.10 Validation of clinical utility measures| . . . . . .. ... ... ... ... .. ... .... 26

{4 Levodopa-induced dyskinesia in Parkinson’s disease: Insights from cross-cohort prog- |

|  nostic analysis using machine learning] 28
[4.1 Rationale forthestudy| . . .. ... ... ... .. ... ... ... ... 31
[4.2  Objective of the current study| . . . . . . . .. ... ... .. Lo 31
[4.3  Research methodology| . . .. ... . ... ... ... ... ... ... ... .. 32

431 Inclusioncriterial . . . . ... ... ... ... 32
[4.3.2  Machine learning framework| . . . ... ... . oo 0oL 33
[4.3.3  Statistical analysis| . . . ... ... ... 35
[4.3.4  Clinical utility analysis|. . . . . .. ... ... ... . . 36
[4.3.5 Codeavailability] . . . . ... ... ... ... 36
MA Resultsl . . .. .o 36
[4.4.1 Individual cohortanalyses| . . . . . . ... .. ... ... 36
[4.4.2  Cross-cohortanalyses| . . . ... ... ... ... .. . ... ... ... .. 43
4.4.3  Differences between clinical features across cohorts) . . .. ......... .. 47
[4.4.4  Comparative evaluation of cross-study integration methods| . . . . . . ... .. 47
[4.4.5  Associations between clinical features and dyskinesia outcome| . . . . . . . .. 48
[4.4.6  Assessment of clinical utility and calibration|. . . . . . ... ... ... ... .. 53
M5 Discussion] . . . . . ... 59
[4.5.1 Comparative evaluation of predictive models| . . . . ... ... ... ... ... 59
[4.5.2  Interpretation of models and predictors| . ... ... ... .. ... ... ... 60
[4.5.3  Clinical utility and calibration| . . . . . . . .. ... ... ... .. ........ 64
[4.6 Summary and conclusions| . . . ... ... Lo 65
47 _Contribution statementl . . . . . ... ... ... ... L 66

[5 Interpretable machine learning for cross-cohort prediction of motor fluctuations in |

 Parki s di ] 67
[5.1 Rationale forthestudy| . . .. ... ... ... .. ... ... ... 68
[5.2  Objective of the current study|] . . . . . .. .. ... ... . o 68
[5.3 Research methodology| . . ... ... ... ... ... ... ... 69

631 Inclusionecriterial . . . . ... ... ... 69
[5.3.2  Machine learning framework| . . . . ... ..o Lo Lo Lo 70
[5.3.3  Statistical analysis| . . . ... ... .. 72
[5.3.4  Clinical utility analysis|. . . . . ... ... ... ... 72
[5.3.5 Codeavailability] . . . . ... ... ... ... 73
BA _Results . . . . . oot 73

[5.4.1 Individual cohortanalyses| . . . . . . ... ... ... 73




[5.4.2  Cross-cohortanalyses| . . ... ... ... ... ... . ... ... ... .. 78

.43  Differences between clinical features across cohorts| . . . . ... ... ... .. 81

[>.4.4  Comparative evaluation of cross-study integration| . . . . . ... ... ... .. 83

.45  Associations of clinical features with motor fluctuations outcomef . . . . . . . . 83

[5.4.6  Assessment of clinical utility and calibration|. . . . . . . ... ... ... .... 91

G5 Discussion] . . . . . . . 94
[5.5.1  Comparative evaluation of predictive models| . . . . ... ... ... ... ... 94

.52 Differences between clinical features across cohortsl . . ... ........ .. 95

[5.5.3  Comparative evaluation of cross-study integration| . . . .. ... ... ... .. 96

[5.5.4 Interpretation of models and predictive features|. . . . . . ... ... ... ... 96

[5.5.5  Clinical utility and calibration| . . . . . . . ... ... ... ... ... ... 99

[5.6 Summary and conclusions| . . . .. ... Lo 99
6.7 Contribution statement] . . . . . . . ... 100

[6 Multi-cohort machine learning identifies predictors of cognitive impairment in Parkin- |
L__son’s diseasel 101
[6.1 Rationale forthestudy| . . .. .. ... ... ... . ... 103
|6.2  Objective of the currentstudy| . . . ... ... ... ... ... ... ... ....... 104
[6.3 Research methodology| . . . . .. ... ... .. . . ... 104
631 Inclusioncriterfal . . . . ... ... ... ... 104

[6.3.2  Machine learning framework{ . . . . .. ... ... oo 0000 L. 105

[6.3.3  Statistical analysis| . . . ... ... ... 108

[6.3.4  Clinical utility analysis|. . . . . .. ... ... ... ... L 109

[6.3.5 Codeavailability] . . . . ... ... ... ... 109

B4 Results . . . . . . oo 109
[6.4.1 Individual cohortanalyses| . . . . . ... ... ..o oL 109

[6.4.2  Multi-cohort analyses| . . . ... .. ... ... ... ... ... 114

[6.4.3  Comparative evaluation of cross-study normalization integration| . . . . . . . . 125

[6.4.4  Associations between clinical features and cognition outcome| . . . . . . . . .. 125

[6.4.5  Decision curve and calibration analysis|. . . . . . ... ... ... ... ..... 136

65 Discussionl . . . . . . .. 136
[6.6 Summary and conclusions| . . . .. ... Lo 141
[6.7 _Contribution statementl . . . . . ... ... ... ... 142

{7 Conclusions and perspectives| 143
71  Limitations| . . . . . . . . 145
7.2 Future worksl. . . . . . . . e 147
References! 150
|A" Levodopa-induced dyskinesia in Parkinson’s disease: Insights from cross-cohort prog- |
|  nostic analysis using machine learning| 165
[A.1 Model performance metrics for dyskinesia prognosis across cohort analyses| . . . . . . 166

[A.2  Stability of the optimized predictive models for predicting the risk of dyskinesia| . . . . 172




|[A.3 SHAP value analysis of optimized models with top 15 predictors for cross-cohort analysis|174

|A.4  Kaplan-Meier analysis of predictors for time-to-LID| . . . . . . ... .. ... ...... 176

|A.5 Evaluation of LID predictive models using decision curve analysis and calibration analysis|178

B Interpretable machine learning for cross-cohort prediction of motor fluctuations in |

L__Parkinson’s diseasel 180
[B.1 Model performance metrics for motor fluctuations prognosis across cohort analyses| . . 181
[B.2  Stability of the optimized predictive models for predicting the risk of motor fluctuations| 187
[B.3  SHAP value analysis of optimized models with top 15 predictors for cross-cohort analysis|189
[B.4 Kaplan-Meier analysis of predictors for time-to-MF| . . . ... .. ... ... ...... 191
[B.5 Evaluation of motor fluctuations predictive models using decision curve analysis and |

[ calibration analysis| . . . . . . . ... L 193

[C  Multi-cohort machine learning identifies predictors of cognitive impairment in Parkin- |

[ son’s disease 195

C1

Stability of the optimized predictive models for predicting the risk of cognitive impairment|{196




Abstract

Parkinson’s disease (PD) is characterized by a wide range of motor and non-motor symptoms, many
of which manifest as complications. These include levodopa-induced dyskinesia (LID), motor fluctua-
tions (MF), mild-cognitive impairment in PD (PD-MCI), and patient-reported cognitive decline (PRCD).
These complications significantly impact quality of life, contributing to physical disability, reduced
independence, increased healthcare costs and caregiver burden. The progression and occurrence of these
complications vary considerably among patients. While some PD patients experience these complica-
tions early in their disease course, others may not develop them even after prolonged disease duration
or exposure to standard therapies like levodopa.

This clinical heterogeneity may result from genetic mutations, demographic characteristics, and
individual disease phenotypes, but the underlying mechanisms remain to be explored. Identifying key
predictors of these complications is important to understand the factors driving their variability and to
develop precision medicine approaches in PD management. Predictive insights can inform therapeutic
decision-making, such as adjusting levodopa dosages, optimizing adjunctive therapies, and developing
targeted non-pharmacological interventions to mitigate the risk or severity of these complications.

Despite the clinical significance of complications such as LID, MF, PD-MCI, and PRCD, existing
predictive models often lack generalizability and robustness, primarily due to biases inherent in single-
cohort analyses. These models may not fully capture the complex relationships between clinical variables
and PD complications across diverse populations. A multi-cohort analysis addresses these limitations
by integrating data from multiple independent studies. This approach increases statistical power with
larger sample sizes, reduces cohort-specific biases, and improves model reliability and generalizability.
The consistent identification of predictors across diverse populations is a key strength of this analysis,
providing more reliable and clinically applicable insights.

This study used machine learning (ML) frameworks to identify potential LID, MF, PD-MCI, and
PRCD predictors using data from three independent longitudinal PD cohorts (LuxPARK, PPMI, and
ICEBERG). Cross-study normalization was integrated into the ML workflow to enhance the predictive
capability and ensure study consistency. This approach mitigates inter-cohort variability, enabling the
detection of reliable predictors across diverse cohorts and minimizing the influence of cohort-specific
biases.

Incorporating cross-study normalization, interpretable ML, and leave-one-cohort-out validation has
enabled the identification of robust and generalizable predictors of these complications. The findings
of this study contribute to the understanding of PD complications while providing insights for early
detection, risk stratification, and personalized interventions for patients at risk of or experiencing LID,
MF, PD-MCI, and PRCD.



Key predictors for PD complications were identified, highlighting distinct and overlapping factors.
LID was positively associated with axial symptoms, freezing of gait, and rigidity, while negatively
associated predictors included later disease onset, higher body weight, and better visuospatial ability.
Predictors of MF included freezing of gait, axial symptoms, and pathogenic GBA and LRRK2 variants,
with tremors and later disease onset inversely associated with its development. For the analysis of
PD-MCI and PRCD, older age at PD diagnosis, visuospatial deficits, and non-motor symptoms like
autonomic dysfunction emerged as significant predictors. Additionally, sex differences were observed in
cognitive outcomes, with women displaying better global cognition and less cognitive interference.

Overall, this study offers interpretable ML models for early risk stratification and personalized
interventions targeting motor and cognitive complications in PD. Through robust multi-cohort analyses,
complications such as LID, MF, PD-MCI, and PRCD can be predicted earlier in the disease course.
These findings support the implementation of personalized approaches, including adjusting levodopa
dosage according to individual characteristics, optimizing adjuvant therapies, and targeted cognitive
interventions for individuals at higher risk. Consequently, these approaches can contribute to enhanced
patient outcomes and improved quality of life.

The analysis enables precision medicine in PD management by identifying associations between
predictors and these complications. It enables clinicians to stratify patients by risk, design individualized
treatment plans, and potentially delay or prevent the onset of complications, thereby preserving quality
of life and reducing the burden of advanced disease. Furthermore, integrating predictive models into
digital health tools and electronic medical records is a potential benefit, enhancing clinical workflows
and decision-making efficiency.
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Chapter 1

Introduction

This introductory chapter provides a brief overview of the research topic and its significance, a summary
of the research background and motivations, and a brief literature review of the methods used in the
thesis.

1.1 Background

The study of Parkinson’s disease (PD) complications is important for comprehending and managing
this complex neurodegenerative disease. These complications cover a wide range of motor and non-
motor symptoms [1]], including but not limited to motor impairment, cognitive decline, and psychiatric
disorders.

Linear regression has traditionally been used to analyze PD complications [2, 3| 4, |5]. However,
these methods may only partially capture the disease’s complex and dynamic nature. The linear
assumptions inherent in classical models are inadequate in addressing the non-linear relationships and
high-dimensional data characteristics of PD outcomes [6}7].

Machine learning (ML) is a promising alternative for studying PD complications. It can uncover
complex patterns and relationships within multidimensional data sets and inherent heterogeneity [8, 9].
ML algorithms have demonstrated a remarkable ability to identify subtle patterns and correlations that
traditional methods may not detect 10,11} |12]]. ML facilitates a more comprehensive exploration of the
risk factors and mechanisms underlying PD complications by addressing the limitations of traditional
statistical approaches [[13}14].

Recent studies have shown that ML is effective in analyzing complications related to PD. ML algo-
rithms have been used to identify new biomarkers associated with specific PD symptoms, which can
improve early diagnosis and enable personalized treatment strategies [[15}/16]. ML techniques demon-
strate potential in predicting disease progression [17] and treatment response [16, 18] by integrating
longitudinal patient data [[14] or integrating with devices [[19]] to improve the quality of life of PD
patients.

Despite ML’s evident advantages, challenges remain in applying it to PD research. The ongoing
research concerns integrating heterogeneous data sources and accounting for variability among patients
with PD [20]]. Despite these challenges, methodological advances in ML continue to improve its utility
in analyzing the disease’s complex and multifaceted nature [21.



Understanding PD complications through the framework of ML not only advances our knowledge of
the disease but also has significant clinical implications. ML-driven insights can improve the development
of more effective prognostic tools and personalized treatment interventions, thereby improving the
quality of life for individuals with PD [22]]. Furthermore, ML in the healthcare industry can save costs
by optimizing resource allocation and streamlining patient care processes [23]].

Integrating ML into the study of PD complications represents a significant shift in biomedical
research. Researchers can use the power of ML to analyze complex data sets, making significant progress
in discovering the mechanisms underlying PD complications and developing innovative therapeutic
strategies.

1.2 State-of-the-art in Parkinson’s research

PD is a complex condition that goes beyond its characteristic motor symptoms. It includes a range of
complications that significantly affect patients’ well-being [24, [25]. Understanding the diverse clinical
profile of PD is important for improving treatment strategies and enhancing the quality of life for
those affected. Recent research has revealed the various complications associated with PD, highlighting
the need for innovative approaches to manage and mitigate these challenges. Various methodologies
have been used to investigate the complex nature of PD complications, including clinical scales and
ML. Therefore, it is important to have a comprehensive understanding and management of PD-related
complications.

Levodopa is the primary medication for PD due to its effectiveness in alleviating motor symptoms
(22} |23} |26]]. However, its long-term use may lead to motor complications, such as dyskinesias [1} {27, |28,
29]]. Despite being the gold standard treatment [30], further exacerbating the complexity of treatment
[31], this potential adverse effect should be noted.

Furthermore, the effectiveness of levodopa may be affected by several factors, such as its absorption
in the gastrointestinal tract [30], delayed gastric emptying [32], Helicobacter pylori infection [1} 33]],
and protein intake [34} (35 36]. Keun et al. (2021) [34] investigated the influence of dietary factors on
levodopa absorption, emphasizing the significance of considering dietary habits in managing PD [37, 38|
39]. Understanding the factors influencing levodopa absorption is important for optimizing treatment
outcomes and minimizing adverse effects [40} 41]].

In addition, adjunctive therapies, such as dopamine agonists [33]] and MAO-B inhibitors [1], are
commonly prescribed to complement levodopa therapy and extend its efficacy. Deep brain stimulation
(DBS) surgery is a therapeutic option for advanced PD cases [27]]. It provides symptomatic relief and
improves motor function in selected patients.

Although motor symptoms are important for diagnosis and treatment, they only represent a portion
of the challenges experienced by individuals with PD, some of whom may have additional complications.
Non-motor symptoms, such as cognitive impairment [[42}|43| |44], emotional disturbances [33} |45 |46]],
autonomic dysfunction [26} 47|, and sleep disturbances [31} 45|, significantly contribute to the disease
burden and greatly impact patients’ daily lives.

To comprehensively understand PD and its complications, it is important to consider both motor
and non-motor symptoms [30, 48]. Given the heterogeneity of PD manifestations, individual variations
in symptomatology and treatment response necessitate personalized therapeutic approaches [[15}|22].

The research on PD has evolved and shifted towards advanced methodologies, such as longitudinal



studies, cohort analyses, and ML. These approaches offer insights into the dynamics of disease progres-
sion and have the potential to identify predictive biomarkers. Several studies have used ML to accurately
categorize stages of PD (17,49, [50], detect early symptoms through wearable technology [19}/51,|52]], and
assess levodopa responsiveness [16} 53|54, 55]. These studies highlight the potential of ML techniques
in enhancing the clinical management of PD.

PD progression varies significantly among patients, with some experiencing rapid progression while
others remain mildly symptomatic for long periods [J5,[56]]. Comparative assessments and longitudinal
analyses have identified subtypes of PD with varying clinical features and disease courses [3}57]], which
can inform treatment strategies adapted to the individual patient [18]]. Genetic studies have revealed
underlying disease mechanisms [[14} |48} |58, |59], which can pave the way for personalized interventions.

Cognitive impairment is a common complication of PD, affecting approximately 80% of patients [60].
ML and statistical models integrating diverse datasets have shown potential in investigating cognitive
decline (2} 3} 5, (14} 61} |62], enabling early intervention strategies. Prior studies have emphasized the
importance of early detection and targeted therapies to minimize the impact of cognitive decline [43}|57,
63]].

Examining the complex connection between emotional distress [64, 65] and sleep disturbances
(66,167, 68] is also important for individuals with PD. These issues are frequently experienced by PD
patients and are linked to various complications that significantly affect their quality of life [69,|70]].
Prior research has consistently shown links between emotional distress and various complications
related to PD, such as dyskinesia, cognitive decline, and gastrointestinal issues [42, |44l |45] 47| 48]
Understanding the relationship between emotional well-being and sleep quality in patients with PD is
important for developing targeted interventions and improving overall management strategies for this
complex neurological disorder.

The field of PD research is undergoing constant development, incorporating multifaceted approaches
to understand the complexities of the disease and develop personalized treatment strategies. By imple-
menting ML algorithms, genetic analyses, and longitudinal investigations, researchers have obtained
novel insights into the multifaceted complications of PD, thereby establishing the foundational frame-
work necessary for the development of improved clinical care and patient outcomes. It is imperative to
recognize the significance of interdisciplinary collaboration and patient-centered care in addressing the
diverse challenges associated with PD. This reaffirms our commitment to advancing knowledge and
improving patient well-being.

1.3 Data-driven approaches for the study of clinical data

Data-driven methodologies, including ML algorithms, have emerged as important tools for investigating
the complexities of PD. This section discusses the role of data-driven approaches, focusing on ML and
cross-cohort analyses.

1.3.1 Classification methods

ML classification methods have emerged as powerful tools in PD research, enabling the identification of
patterns and predictors from complex clinical datasets to improve disease understanding and prognosis.
Classification and regression trees (CART), also known as decision trees, have been recognized as one



of the leading interpretable ML methods for about 40 years since their introduction in 1984 [[71]]. The
tree-based algorithm is straightforward to comprehend and allows for the discovery of novel data [72].
The CART algorithm is considered ‘greedy’ because it searches for the best outcome without considering
past splits, using either a Gini index or information gain as splitting criteria. Freund, Schapire, and Abe
(1999) 73] developed Adaptive Boosting (AdaBoost), which uses a boosting technique to transform weak
learners into more robust classifiers to improve prediction accuracy and reduce overfitting. AdaBoost
can detect outliers based on the weight of a small to moderate number of outliers and is known for its
resistance to overfitting,.

Several years later, Friedman (2001) [[74] developed a more robust algorithm called Gradient Boosting
(GBoost) using a general gradient descent “boosting” approach to minimize the loss function across
sequential models. Chen and Guestrin (2016) [75] introduced a variant of the GBoost framework that
incorporates regularization to penalize the model’s complexity, enables parallelization, and combines
weak learners that outperform random guessing to form a stronger learner. The algorithm is named
Extreme Gradient Boosting (XGBoost), and it is labeled for its robustness and speed, running over
ten times faster than GBoost in scikit-learn. CatBoost is a GBoost framework extension developed
by Prokhorenkova et al. (2018) [76]]. As its name suggests, it is a new algorithm designed to handle
categorical features directly. It implements ordered boosting, a modification of the GBoost algorithm,
which outperforms XGBoost.

Hu, Rudin, and Seltzer (2019) [77]] proposed Optimal Sparse Decision Trees (OSDT) as a viable
option for binary predictors, promoting computational efficiency and effective search space pruning.
Lin et al. (2020) [78] improved the algorithm with dynamic programming, resulting in Generalized and
Scalable Optimal Sparse Decision Trees (GOSDT). Although GOSDT has shown instability in optimizing
continuous variables and lacks robustness for imbalanced data, McTavish et al. (2022) [[79] improved its
performance by incorporating “guess” information derived from black-box models. This modification
improved prediction performance and speed by limiting the search space with bounds. This extended
version of GOSDT is called Fast Sparse Decision Tree (GOSDT-GUESSES). It can achieve accuracy levels
comparable to, or even better than, black box tree ensembles.

In 2022, Tan et al. (2022) [[72] proposed Fast Interpretable Greedy-Tree Sums (FIGS), an advancement
in tree-based algorithms. FIGS allows additive structure adaptation to limit the number of trees by
using a predefined threshold. This algorithm reduces the complexity and computational costs of the
tree while still preserving prediction performance. Agarwal et al. (2022) [80] introduced the post-hoc
algorithm, Hierarchical Shrinkage (HS), which regularizes trees by shrinking predictions over each node
towards the sample means of its ancestor without modifying the tree structure. HS can be applied to any
tree-based algorithm to simplify and stabilize the tree, leading to improved prediction performance with
a less complex model. Additionally, HS has been shown to improve the interpretability of the model.

1.3.2 Time-to-event analysis

Time-to-event analysis is a widely used method in biomedical research to investigate the effects of clinical
factors on the occurrence of events, such as complications of PD. The Cox proportional hazards regression
model [81]] is commonly used to examine the relationship between covariates and time-to-event data
with censoring. However, this method may have limitations when scaling with high-dimensional data
[8] and when the proportional hazards assumption is violated. To overcome these limitations, ML
techniques have been extended to adapt to high-dimensional censored data and achieve more accurate



predictions of the time from the baseline visit until a patient with PD develops complications based on
associated clinical risk factors [7].

Dealing with censored data is one of the challenges in time-to-event analysis. Censored data arises
when individuals do not experience the event of interest before the end of the study, withdraw early,
or are lost to follow-up, resulting in incomplete observation. This incomplete data, known as right
censoring, means that the actual time until the event occurs is still being determined and is not earlier
than the observed time for these PD patients. To avoid biased inferences, it is important to consider
censored subjects. Therefore, time-to-event methods were designed to handle censored data.

Penalized Cox regression, also known as Cox model regularization, is a technique that applies
regularization to improve the accuracy of the Cox model and control model complexity [82]. The two
most common regularization techniques are L1 regularization (Lasso) and L2 regularization (Ridge
regression). Lasso tends to keep the coefficient of one predictor among highly correlated predictors
while shrinking other coefficients toward zero [83]. Ridge regression assigns similar weights to highly
correlated predictors, thereby regularizing the model in cohorts where p > n, with p being the number
of predictors and n being the sample size of the cohort. Simon et al. (2011) [84] introduced the elastic
net penalty, a mixture of L1 and L2 penalties that combines both strengths to generalize the model.

Tree-based ML approaches have been extended by reformulating CART [85] as a survival tree to
analyze censored data [|86]] and relax the assumptions of classical time-to-event methods. The tree is
grown by recursively splitting homogeneous subgroups to maximize the differences in the survival
distribution of the subgroups [7]. Randomized Survival Trees, also known as Extremely Randomized
Trees or Extra Survival Trees, were proposed by explicitly using entirely random cut-points to grow the
trees and combining ensemble averaging to reduce variance [87]]. Ishwaran et al. (2008) [85]] transformed
Random Forest (RF), which combines the predictions from each tree [88]] to create a powerful predictive
technique for adapting censored data. The robustness of this technique has gained popularity in the
field of time-to-event analysis [89].

Gradient boosting machines (GBM) is an ensemble ML method that uses boosting techniques to
solve complex relationships between covariates [90]. GBM optimizes the model by building sequential
prediction models to achieve better predictive performance while considering censoring in clinical
research [91]. Component-wise Gradient Boosting (CW-GBoost) is implemented within GBM to optimize
the predictive model [92]].

The Survival Linear Support Vector Machine (LSVM) is another popular ML algorithm for time-to-
event analysis. The algorithm captures complex and non-linear relationships between predictors and
outcomes by maximizing concordance pairs [7,[82]]. In this thesis, a simplified version of this method
referred to as the naive LSVM (NLSVM), serves as a fundamental approach to LSVM. LSVM emphasizes
the computational efficiency aspect of the Survival LSVM, an extension of the NLSVM algorithm.

1.3.3 Cross-cohort analysis

Nowadays, access to large-scale cohorts has become more flexible, encouraging data-driven research
from multiple sources. Cross-cohort studies are observational research designs that combine distinct
cohorts from different study populations [20]. This research can be conducted using existing cost-
effective cohorts, leading to higher statistical power [93} 94], more robust inference, and increased
prediction accuracy [95]]. Additionally, increasing the sample size can significantly improve the reliability
of the conclusions, resulting in more stable results [20]. In the context of complications prognosis in PD,



a cross-cohort study allows for exploring potential risk factors by examining differences and similarities
between cohorts. This can ultimately deepen our understanding of PD complications.

Differences in characteristics or exposures across various cohorts from different sites may result in
systematic biases, which offset the benefits of enlarging sample size in cross-cohort studies [94]. This bias,
known as the “batch effect”, leads to inhomogeneities within datasets and may cause features that are not
directly comparable [93]. Samples collected at different times or sites may show systematic dissimilarities
unrelated to biological differences, such as uncontrollable variations in qualitative measurement across
conditions. Therefore, it is important to consider these factors when analyzing the data to ensure
accurate results.

In computational biology, integrating multiple cohorts can be challenging due to “batch effects” [95]].
It is recommended that data be combined with appropriate methods to adjust for batch effects [96].
Without such adjustments, the results may be misleading, and the data’s conclusions may be biased
[97]. Additionally, the predictive performance may be unsatisfactory [93]]. Therefore, when dealing with
such variation, it is recommended that the “batch effect” be adjusted for in cross-cohort studies before
proceeding with further analysis [98].

Cross-study normalization was introduced as a data preprocessing technique to mitigate the “batch
effects” in a cross-cohort study [93]]. The main goal is to compare cohort data [99] by aligning data
distribution across studies [20] and improving prediction performance [[100]. While the implementation
of normalization techniques does improve precision measurement and prediction performance in cross-
cohort analyses [101]], this efficacy may not be consistently replicable in real-world settings [94].

1.4 Motivation

A comprehensive understanding of the risk factors associated with PD complications is necessary
to improve patient care and outcomes. However, identifying and comprehending these risk factors
is challenging due to the complexity and diversity of PD-related problems and the heterogeneity of
individual characteristics.

Cross-cohort studies, which combine data from multiple cohorts, play a role in addressing these
challenges. This methodological approach allows for integrating more extensive and diverse datasets,
thereby facilitating a comprehensive investigation of PD-related problems in diverse patient populations.

Nevertheless, disparities in the duration of follow-up and observation periods across different
groups can result in a premature withdrawal from the study, thereby introducing bias into the analysis.
The variability in outcomes among different groups can complicate the analysis and interpretation of
data. Cross-cohort analysis, in which non-shared characteristics are excluded, can result in a limited
understanding of PD associated problems.

Despite the challenges associated with analyzing data from multiple sources and applying ML
algorithms, there is considerable potential for improving our understanding of PD-related issues. ML
algorithms have the capability to analyze extensive clinical data sets, revealing complex patterns and
connections that may not be identifiable through traditional statistical methods. By integrating the
strengths of these approaches, we can identify risk factors associated with complications in PD, develop
models to predict risk for specific outcomes and implement personalized treatment plans.



Chapter 2

Aims and scope of the thesis

2.1 Novel aspects of this work

This thesis explores the challenges related to PD-associated complications and develops predictive
models for personalized risk assessment. To achieve this goal, four main research paths will be explored:

1. Integrate cross-cohort analysis and ML techniques

Develop a comprehensive framework integrating cross-cohort analysis and ML techniques to analyze
diverse clinical data from multiple PD cohorts. The process involves standardizing and correcting biases
specific to each group of individuals, thereby enabling reliable comparisons between different groups
and promoting a comprehensive analysis and understanding of the results.

2. Identify key risk factors associated with complications of PD

The analysis aims to identify and rank the primary risk factors associated with complications of PD in
individuals from multiple cohorts. The study examines the influence of demographic characteristics,
disease severity, evaluations of motor and non-motor functions, and other clinical variables shared
among different cohorts. Its goal is to identify persistent patterns and relationships to understand the
clinical predictors associated with complications in PD.

3. Develop predictive models

ML techniques are used to create prediction models for evaluating the likelihood of PD complications
in particular patients. These models can incorporate various clinical and demographic factors to offer
personalized risk evaluations, allowing for early intervention and customized treatment approaches.
The study aims to improve the accuracy and generalizability of the models by using ML techniques.

4. Validate findings across cohorts

We assess the relevance and robustness of significant findings and predictive models across multiple
cohorts. This involves verifying results and models in diverse participant groups to ensure their
robustness and generalizability, which can be achieved through cross-validation techniques. Our goal is
to confirm the reliability and applicability of our findings by combining data from diverse cohorts. This
will ensure that our conclusions are not specific to any single cohort.



2.2 Thesis structure

The structure of this thesis is outlined as follows:

Chapter 1: Introduction

The introductory chapter presents an overview of the role of ML in analyzing complications related to
PD, the state of the art in PD research, and the rationale for incorporating cross-cohort analysis and ML
approaches into the study of PD complications.

Chapter 2: Aims and scope of the thesis

This chapter outlines the research aims and objectives, exploring PD-related complications. The
chapter describes the scope of the thesis and highlights potential contributions through publication in
peer-reviewed journals and poster presentations.

Chapter 3: Cohorts and methods

This chapter outlines the cohorts used in the study, including clinical records, rating scales, and the
inclusion criteria applied to select participants for the study of PD-related complications. The strategies
used for inclusion criteria, data preparation, and analysis are well illustrated, covering statistical methods
and ML algorithms.

Chapter 4: Levodopa-induced dyskinesia in Parkinson’s disease: Insights from cross-cohort
prognostic analysis using machine learning

This chapter comprehensively analyzes levodopa-induced dyskinesia, covering its underlying mecha-
nisms, observable symptoms, and associated predictors. The study’s results and its correlation with
demographic characteristics, disease severity, and clinical symptoms are discussed. The implications of
these findings for managing this issue in PD patients are also considered.

Chapter 5: Interpretable machine learning for cross-cohort prediction of motor fluctua-
tions in Parkinson’s disease

This chapter examines the occurrence of motor fluctuations in PD, including the effects of levodopa
treatment and dosages. The chapter presents research findings on motor fluctuations, including
predictive models and identified predictors. It also analyzes the implications of these findings for
levodopa treatment and proposes strategies for managing them.

Chapter 6: Multi-cohort machine learning identifies predictors of cognitive impairments in
Parkinson’s disease

This chapter provides an overview of the cognitive decline experienced by individuals diagnosed with
PD. It presents research findings on objective and subjective cognitive outcomes and discusses the
implications of cognitive impairment for the diagnosis and management of this complication.

Chapter 7: Conclusions and perspectives
The final chapter briefly summarizes the main findings of the thesis, which focused on the analy-
ses of levodopa-induced dyskinesia, motor fluctuations, and cognitive decline in PD. The analysis



assesses the practical importance of these findings and their impact on patient treatment and moni-
toring. Additionally, it identifies areas for further research and potential strategies for analyzing PD
complications.

2.3 Contributions

This thesis presents a collection of original research papers, some of which have been published while
others have been submitted. The following section outlines the specific contributions to each of these
works, arranged according to the following structure:

Manuscripts included as part of the PhD thesis:

« Loo, R.T]., Tsurkalenko, O., Klucken, J., Mangone, G., Khoury, F., Vidailhet, M., Corvol, J., Kriiger,
R. & Glaab, E. (2024). Levodopa-induced dyskinesia in Parkinson’s disease: Insights from cross-
cohort prognostic analysis using machine learning. Parkinsonism & Related Disorders, 126, p.
107054. DOI:|10.1016/j.parkreldis.2024.107054

« Loo, R.T]., Pavelka, L., Mangone, G., Khoury, F., Vidailhet, M., Corvol, J., Kriiger, R. & Glaab, E.
Interpretable machine learning for cross-cohort prediction of motor fluctuations in Parkinson’s
disease. Submitted.

« Loo, R.TJ., Pavelka, L., Mangone, G., Khoury, F., Vidailhet, M., Corvol, J., & Glaab, E. Multi-cohort
machine learning identifies predictors of cognitive impairment in Parkinson’s disease. Submitted.

Manuscripts not included in the PhD thesis:

« de Lope, E.G,, Loo, R.T.J., Rauschenberger, A., Ali, M., Pavelka, L., Marques, M., Gomes, C.P.C.,
Kriiger, R., Glaab, E. (2024). Comprehensive blood metabolomics profiling of Parkinson’s disease
reveals coordinated alterations in xanthine metabolism. npj Parkinsons Disease, 10 (1), p. 68. DOIL:
10.1038/s41531-024-00671-9

« Loo, R.TJ., Soudy, M., Nasta, F., Macchi, M., Glaab, E. (2024). Bioinformatics approaches to study
molecular sex differences in complex diseases. Briefings in Bioinformatics, 25(6), bbae499. DOL:
10.1093/bib/bbae499

Poster presentation:

« Loo, R.TJ., Glaab, E. “Cross-cohort prognosis of levodopa-induced dyskinesia in Parkinson’s
disease”. Basel Computational Biology Conference, Basel (Switzerland). September 13, 2023.

+ Loo, R.T.J., Tsurkalenko, O., Klucken, J., Glaab, E. “Predictive machine learning models of levodopa-
induced dyskinesia prognosis in Parkinson’s disease across cohorts”. Life Sciences PhD Day 2023,
University of Luxembourg.


https://doi.org/10.1016/j.parkreldis.2024.107054
https://doi.org/10.1038/s41531-024-00671-9
https://doi.org/10.1093/bib/bbae499

Chapter 3

Cohorts and methods

This chapter presents the workflow and approaches used to study the complications of PD. It describes
the methodology for preprocessing and analyzing the associated predictors of the outcomes, combining
statistical techniques and machine learning (ML) algorithms.

3.1 Cohort and inclusion criteria

The study analyzed data from three longitudinal cohorts: the Luxembourg Parkinson’s Study (LuxPARK
[102]], NCT05266872), the Parkinson’s Progression Markers Initiative (PPMI [103,|104]], NCT04477785),
and the French ICEBERG cohort study (ICEBERG [105], NCT02305147). These cohort datasets include
comprehensive clinical assessments of individuals with Parkinson’s disease (PD) and its complications,
incorporating widely used PD assessment scales and detailed demographic information. LuxPARK has
been enrolling participants in Luxembourg and the surrounding areas, which include the borders of
Germany, France, and Belgium, since 2015. PPMI has enrolled individuals at approximately 50 sites
worldwide since 2010 (https://www.ppmi-info.org/). ICEBERG is a longitudinal study that enrolls
patients with PD in the early stages of the disease (average 3 years of disease duration or less at baseline).
The study involves annual visits for up to four years at the Paris Brain Institute (Institut du Cerveau -
ICM).

The research conducted in the LuxPARK, PPMI, and ICEBERG cohorts adheres to strict ethical stan-
dards and has been approved by local ethics committees. All individuals in each cohort provided written
informed consent at enrollment. The LuxPARK study was approved by the National Research Ethics
Committee (CNER ref: 201407/13 and 202304/03). The ICEBERG study, funded by the French National
Institute of Health and Medical Research (INSERM), received approval from the local Ethics Committee
(RCB: 2014-A00725-42), and all participants provided informed consent before enrollment. The PPMI
study was conducted according to the Declaration of Helsinki and Good Clinical Practice (GCP) guide-
lines, and it received approval from local ethics committees at all participating sites. A comprehensive list
of these sites can be found at https://www.ppmi-info.org/about-ppmi/ppmi-clinical-sites,

The baseline clinical characteristics of patients from all three cohorts were used to evaluate the
potential predictors associated with the development of PD complications in patients with PD, along
with their records of complications over four years. The data included outcomes measured from the
baseline to the fourth year of follow-up. The most recent follow-up data were used for the time-to-event
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analysis to determine the time-to-censoring for individuals without the event. In contrast, events were
identified based on data collected throughout the follow-up period.

We conducted a comprehensive analysis to evaluate the advantages and disadvantages of integrating
data from multiple cohorts. This process involved assessing each individual cohort (LuxPARK, PPMI,
and ICEBERG) and evaluating multiple cohort combinations. The combinations included cross-cohort
analyses using a combination of training, test, and hold-out test sets from all three cohorts. We
implemented a leave-one-cohort-out validation approach, in which models were trained and tested
using data from two of the three cohorts, with the remaining cohort being used as an external hold-out
test set. This strategy enabled the assessment of the generalizability of the models across independent
datasets.

3.2 Data preprocessing

Data preprocessing was conducted before analyzing PD complications to ensure the dataset’s reliability
and uniformity. This included variable aggregation, missing value imputation, categorical encoding,
cross-study normalization approaches, feature selection, and undersampling.

3.2.1 Variable aggregation

Variable aggregation is a data preprocessing technique that combines related variables into a single
aggregate score, typically through summation. The purpose of variable aggregation is to simplify
data representation, reduce dimensionality, improve the comprehensiveness of understanding PD
complications, and collect more robust predictive features for ML. Several items from the MDS-UPDRS
Parts I and III (ON) clinical assessment were aggregated into combined features. Table [3.1| provides
detailed information on how the variable aggregation was performed, which included summing the
scores of certain functionally related MDS-UPDRS items. Additionally, to prevent replication in the
analysis, the individual MDS-UPDRS variables used to generate the aggregated features were removed
from the ML studies unless specified.

However, the absence of values for specific items can potentially skew the aggregated variables for
that individual. To address this issue, we calculate the mean of each individual’s non-missing values
of the associated variables (see Figure [3.1). This approach ensures that the aggregation is conducted
separately for each person, without being influenced by data from others. Addressing missing values at
the individual level before variable aggregation, this approach minimizes potential bias and preserves
the reliability and representativeness of the aggregate data.

The average for the missing item for i*" participant can be expressed as:

k y
.. =1 Lij
missing z;; = ——
m;
where
1=1,...,n
ji=1,..k

m; = number of non-missing values for i*" participant.
The k is the number of variables used for variable aggregation, and n is the total number of samples.
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Figure 3.1 Variable aggregation in data processing and model development.
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Workflow for data processing and model development, including variable aggregation
and the nested cross-validation workflow for model training and evaluation.

Subsequently, the aggregated variable was calculated as the summation of the items:

k
aggregated variable, AV, = Z Tij
j=1
where ;; represents the individual items being aggregated for the i*" participant.

The selection of specific items from the MDS-UPDRS to be averaged and retained for each participant
was based on clinical evidence. For instance, the average score of items 3.17a to 3.17e assessed different
aspects of tremor as clinically relevant. Although facial expression is used for variable aggregation
for bradykinesia, we included it in the analysis as the research suggests that the efficacy of levodopa
in treating bradykinesia may not significantly affect facial expressivity [106]. In summary, this ap-
proach enables a focused analysis of the distinct contributions of bradykinesia and facial expressions to
developing PD complications.
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Table 3.1

retained for the analysis are marked with an asterisk “*’.

Data preprocessing of the aggregation of MDS-UPDRS variables. Individual MDS-UPDRS items

Derived variable

MDS-UPDRS items included

Imputation

13

Rigidity upper extremities 3.3b Rigidity - RUE Average of items 3.3a to 3.3e
3.3 Rigidity - LUE
Rigidity lower extremities 3.3d Rigidity - RLE Average of items 3.3a to 3.3e
3.3e Rigidity - LLE
Total rigidity 3.3a Rigidity - Neck Average of items 3.3a to 3.3e
3.3b Rigidity - RUE
3.3c Rigidity - LUE
3.3d Rigidity - RLE
3.3e Rigidity - LLE
Bradykinesia score 3.2* Facial expression aAr\:Zr;ﬁi of items 3.2, 34 to 38,
3.4a Finger tapping right hand
3.4b Finger tapping left hand
3.5a Hand movements - right hand
3.5b Hand movements - left hand
3.6a Pronation-supination - right hand
3.6b Pronation-supination - left hand
3.7a Toe tapping - right foot
3.7b Toe tapping - left foot
3.8a Leg agility - right leg
3.8b Leg agility - left leg
3.14% Global spontaneity of movement
Axial symptoms score 2.12* Walking and balance /;\\;"33;;;16 toof |3t<1er3ns 212,213,31,
213" Freezing
3.1 Speech
3.9% Arising from chair
3.11 Freezing of gait
3.12 Postural stability
3.13" Posture
Selective axial 2.12% Walking and balance Average of items 2.12, 3.9, 3.12,
symptoms score 3.9% Arising from chair and 3.13
3.12 Postural stability
3.13* Posture
Freezing of gait 213" Freezing Average of items 2.13, 3.11
3.11 Freezing of gait
Rest tremor score 2.10 Tremor Average of items 3.17
3.17a Rest tremor amplitude - RUE
3.17b Rest tremor amplitude - LUE
3.17c Rest tremor amplitude - RLE




Continuation of TabIeData pre-processing of the aggregation of MDS-UPDRS variables. Individual MDS-UPDRS
items retained for the analysis are marked with an asterisk “*’.

Derived variable MDS-UPDRS items included Missing data strategy

3.17d Rest tremor amplitude - LLE
3.17e Rest tremor amplitude - lip/jaw
3.18 Constancy of rest tremor

Tremor score 2.10 Tremor Average of items 3.17
3.15a Postural tremor - right hand
3.15b Postural tremor - left hand
3.16a Kinetic tremor - right hand
3.16b Kinetic tremor - left hand
3.17a Rest tremor amplitude - RUE
3.17b Rest tremor amplitude - LUE
3.17¢ Rest tremor amplitude - RLE
3.17d Rest tremor amplitude - LLE
3.17e Rest tremor amplitude - lip/jaw
3.18 Constancy of rest tremor

Rest tremor amplitude score 2.10 Tremor Average of items 3.17
3.17a Rest tremor amplitude - RUE
3.17b Rest tremor amplitude - LUE
3.17c Rest tremor amplitude - RLE
3.17d Rest tremor amplitude - LLE
3.17e Rest tremor amplitude - lip/jaw

3.2.2 Missing value imputation

Missing values represent a common challenge in real-world datasets, often reducing the sample size for
analysis. This reduction has the potential to reduce statistical power and introduce bias [71]. To address
this issue, missing value imputation techniques are commonly used to preserve the sample size, reduce
measurement error, and improve the reliability of analyses. Ultimately, these techniques support more
informed and accurate decision-making.

Multiple imputation is a method used to address missing data across multiple variables. It models
the missingness mechanism based on observed data and is known for its efficient convergence compared
to many other Markov chain Monte Carlo (MCMC) methods [[107]]. Multiple Imputation by Chained
Equations (MICE) [[107,|108]] uses multiple regression to predict missing values for each feature iteratively,
incorporating information from other variables until convergence or the maximum iteration limit is
reached. MICE can manage various variables, including continuous, binary, and nominal data types
[108] while preserving the correlation structure among features. To mitigate the risk of data leakage
[109]], it is necessary to implement missing value imputation within each cross-validation (CV) fold.

Our study’s clinical data from three cohorts had missing values for specific characteristics. Our
study excluded variables with missing values exceeding 50% in each training or testing CV partition set
from the analysis. Imputation was conducted separately for each CV partition to avoid data leakage.
The study used Bayesian ridge regression within the MICE imputation framework to handle missing
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values in continuous variables. This approach considers the uncertainty inherent in the imputation
process and effectively captures complex interactions within the data. For categorical variables, MICE
imputation with the k-nearest neighbors approach was used to preserve the structural properties of
categorical data.

3.2.3 Categorical encoding

Data often includes categorical variables, such as gender and symptom severity level (normal, slight,
mild, moderate, or severe). Appropriate encoding techniques must be used to represent categorical
variables in a format the algorithm can understand and handle in ML algorithms [[110]].

Encoding techniques should be applied before implementing ML, such as ordinal encoding, one-
hot encoding, dummy encoding, effect encoding, binary encoding, and target encoding. One-hot
encoding is the most popular technique for categorical features [76]] and is used in the analysis of the
thesis. It involves creating a new variable for each level of the categorical feature, resulting in higher
dimensionality. The variable contains either 0 or 1, representing absence or presence.

The CatBoost algorithm is designed explicitly for categorical variables. Therefore, it is recommended
to avoid using any categorical encoding schemes as they can negatively impact both the training speed
and the resulting quality of the model.

3.2.4 Cross-study normalization

The presence of variability among cohorts, resulting from discrepancies in data collection protocols and
sample populations, can lead to the presence of a “batch effect”, which can complicate data analysis.
Cross-study normalization methods have been proposed to mitigate “batch effects” and standardize
data from different cohorts [93[]. This preprocessing step ensures comparability across cohorts [[101]]
by adjusting the data distribution across studies [20]]. Although normalization techniques can improve
precision measurement 98] and prediction performance [[100] in cross-cohort scenarios, their benefits
may only sometimes be presented in real-world applications [94]].

Hornung et al. (2017) [20] proposed using normalization techniques to mitigate “batch effects” in
training and testing datasets to improve prediction performance [111]]. It is important to note that
impaired prediction performance may occur in scenarios involving imbalanced data or high levels of
heterogeneity within the training set. Furthermore, addressing such issues improves the robustness and
generalizability of predictive models across diverse datasets and ensures reliable outcomes in real-world
applications.

The study in this thesis compared various cross-study normalization methods for continuous
variables within each cohort. The methods used were mean-centering [98]], standardization, Quantile
normalization [[111}112]], ComBat [|93]], Ratio-A [95]], and M-ComBat [97]]. The aim was to ensure data
comparability and reliability across multiple cohorts. To maintain the integrity of the validation process
and prevent data leakage, we performed cross-study normalization within each CV fold and on the
hold-out test set. This approach ensured normalization procedures were applied independently to each
fold, avoiding biases introduced by sharing information between training and test sets.
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Mean-centering

Mean-centering is a process that centers the data distribution around zero by subtracting the mean
value of each variable across cohorts from its corresponding data points in each cohort’s batch [98]].
This involves defining the number of cohorts as B. The resulting normalized data reflects the deviations
from the mean and follows a location-and-scale model [96].

Tip — Iy

where

1=1,..,n,

x;p = data to be normalized, and

T, = average of feature in b*" cohort with b = 1, ..., B.

Standardization

Standardization, known as z-score normalization, scales each variable to have a mean of zero and a
standard deviation (SD) of one [98]]. The data is normalized by subtracting each feature from the average
of the corresponding cohort and then scaling it by the SD of that cohort.

l’—i’b

Oy
where
1=1,..,n,
x;» = data to be normalized,
Ty, = average of feature in b'” cohort with b = 1, ..., B, and
o, = standard deviation of feature in b*" cohort with b = 1, ..., B.

Quantile normalization

Quantile normalization is a method that aligns the quantiles of variables across cohorts to equalize
their empirical distribution. This is achieved through a “documentation by value” approach that adjusts
the data to have the same cumulative distribution function across all samples [[111}112]]. The process
involves replacing the original values with artificial values using the following steps:

1. Sort each column independently: For each feature, the values are sorted in ascending order. Keep
the original ranks to restore the data later.

2. Compute the average rank values: For each row index (across all columns), the mean of the sorted
values is computed. This process establishes a reference distribution, where each rank position is
associated with an averaged value.

3. Replace values with corresponding mean rank values: Assign each value in the original data set
the mean rank value from the reference distribution based on its original rank.
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ComBat

ComBat is an empirical Bayes method commonly used to eliminate “batch effects” by adjusting data at
the cohort level based on an empirical Bayes framework [93]]. The method estimates prior and posterior
distributions to adjust features across cohorts (b = 1, ..., B). The estimation procedure involves the
following steps:

1. ComBat fits a linear model for each feature, with cohort variables as covariates.

2. The mean and variance estimation is predicted based on the fitted linear model for each fea-
ture across all cohorts. This is the first stage of empirical Bayes estimation based on the prior
distribution. The data is then shrunk to the mean and covariance to obtain the normalized data.

3. The empirical Bayes estimator uses prior distribution estimation to estimate the posterior cohort-
specific parameters: mean and variance from a fitted linear model (second stage of empirical
Bayes). Afterward, posterior estimators normalized the data by shrinking it towards a common
mean and covariance.

Ratio-A
Ratio-A normalization requires dividing each observation by the mean of the corresponding cohort [95]:

Ty
Ty
where
1=1,..,n,
x;p = data to be normalized, and

Zp = average of feature in bt cohort,
withb=1, ..., B.

M-ComBat

M-ComBat is an extension of the ComBat method that applies the same empirical Bayes framework and
introduces the concept of a “gold standard” [|97]]. The first two steps of M-ComBat are the same as those
of ComBat normalization. However, in step 3, the data points are shifted to the mean and SD of the
“gold standard” instead of the overall mean and SD. This approach ensures that the data is adjusted to
the parameters of the most representative cohort.

3.2.5 Class imbalance

In real-world data, the distribution of the outcome of interest is usually highly skewed, with one class
significantly underrepresented in another. For example, in the PD study, the group of patients with a
complication may be much smaller than those without the complication of interest.

Class imbalance is a significant problem in conventional ML, causing bias and reducing the model’s
generalizability [[113]. Algorithms are typically optimized by minimizing error without considering
the distribution of the outcome variable. As a result, they may overpredict the majority class while
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incurring high misclassification costs for the minority class [[114]. Undersampling techniques can be
initiated to address this issue by balancing the target outcome’s class distribution, improving model
performance, and ensuring higher accuracy in predicting both classes.

Undersampling is a technique that reduces the number of subjects in the majority class to match the
number of subjects in the minority class, which results in a balanced class distribution for the outcome.
Unfortunately, it results in the loss of subjects from the majority class. The most straightforward
approach for undersampling is randomly selecting a subset of the majority class and then combining it
with another class as the training set in each CV fold.

3.2.6 Feature selection

Feature selection aims to identify the most relevant and informative variables from a data set while
excluding irrelevant or redundant variables. This process reduces dimensionality and improves model
performance, interpretability, and generalization [75]. Additionally, high-dimensional data can result
in high computation costs, leading to an overfitting model and a complex model that increases model
interpretability challenges [[115].

In this thesis, two feature reduction methods have been used, namely Recursive Feature Elimination
(RFE) [109] and a wrapper method, which is a stepwise sequential feature selection [8]]. RFE is used in
ML algorithms, such as AdaBoost, CART, CatBoost, GBoost, and XGBoost, which return the model’s
coefficients to measure the features’ importance score. On the other hand, stepwise sequential feature
selection combines forward and backward selection techniques to achieve an optimal area under the
curve (AUC) or concordance index (C-index) while ensuring a less complex model.

To prevent overfitting and ensure the robustness of the feature selection process, we implemented
CV and performed feature selection within each nested CV fold. This approach allowed us to evaluate
the generalizability of the selected features across different data subsets and obtain more reliable
results. The most predictive features were identified using a permutation importance score [116]]. This
procedure helped to remove uninformative or redundant variables from the models while maintaining
the predictive ability of the models in terms of the cross-validated AUC/C index. The final selection of
the most predictive features was then used in the outer loop to train the model.

3.3 Machine learning analysis for PD complication classification

A range of machine learning (ML) techniques, focusing on interpretable, tree rule-based methods, were
used to predict the occurrence of PD complications in PD patients over up to four years of follow-
up based on clinical data from three PD cohorts. Nine tree-based ML classification algorithms were
evaluated, including Adaptive Boosting (AdaBoost) [[73}[117], Classification and Regression Trees (CART)
[71]], and Category Boosting (CatBoost) [[76], C4.5 [[118], Fast Interpretable Greedy-Tree Sums (FIGS)
[72], Fast-Sparse Decision Tree (GOSDT-GUESSES) [79], Gradient Boosting (GBoost) [[74], Hierarchical
Shrinkage (HS) [80], and Extreme Gradient Boosting (XGBoost) [75]]. These classification algorithms
were used to create PD complication prognosis models and to evaluate the most predictive features of
these models as potential risk and protective factors for PD complications using baseline clinical data
from PD patients.

For the classification analysis of all cohorts, we analyzed data over four years to ensure consistency
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and comparability, as the ICEBERG cohort offers up to four years of follow-up. This time frame is
consistent with clinical practice, where significant changes in treatment response and complications
often occur within the first few years of therapy. However, focusing solely on this period may limit the
study by not capturing long-term trends and outcomes beyond four years. To mitigate this limitation,
we conducted a time-to-event analysis, as described in the next section, evaluating events and outcomes
over different periods. This approach provides a more comprehensive understanding of the data despite
the consistent follow-up period used for classification analysis.

3.4 Time-to-event machine learning analysis

This study used time-to-event analysis as an additional approach to identify predictive clinical features
associated with the likelihood of developing complications in PD. This approach is commonly used
in biomedical research to examine the impact of medical factors on events observed and followed
over a period of time. The data are subject to censoring, which means that some patients may have
yet to experience the event of interest by the end of the study, resulting in incomplete observations
[81]. The following time-to-event methods were used to analyze time-to-event data: Component Wise
Gradient Boosting (CW-GBoost) [92]], Survival Trees [85] and Extra Survival Trees [87]], Survival Gradient
Boosting (Survival GBoost) [90]], Survival Support Vector Machine (LSVM) [82]], Naive LSVM (NLSVM)
[7], Penalized Cox Regression [83}[84]], and Random Survival Forests (Survival RF) [86} 88} |89]].

3.5 Cross-validation

The cross-validation (CV) workflow shown in Figure along with the learning algorithms described
in sections|3.3|and was used to quantitatively evaluate different ML approaches. The goal was to
investigate how clinical predictors relate to the risk and time from baseline to PD complication after
the first clinical visit. We focused on clinical features that could serve as common predictors across the
LuxPARK, PPMI, and ICEBERG datasets for integrative analyses of different cohorts.

The prognostic model was developed using all baseline clinical variables shared by all cohorts
without prior feature selection. The robustness and reliability of the model were improved by ensuring
that all common features were included. During the training phase, a CV framework was used to
comprehensively validate and evaluate the model’s performance across various patient populations.
The study aims to provide a reliable framework for predicting outcomes in patients with PD based on
all common baseline clinical parameters.

A CV workflow was used to optimize the model parameters without overfitting and to predict the
occurrence of PD complications over the next four years for classification and until the end of follow-up
for time-to-event analysis. Stratified random sampling was used to divide the data samples into training
and test sets. The training set comprised 67% of the samples, stratified by outcome proportion (also
stratified by cohort for cross-cohort and leave-one-cohort-out analyses), with the remaining 33% allocated
to a hold-out test group (leaving out one cohort as the hold-out test set for the leave-one-cohort-out
analysis). A grid search was conducted within the inner loop of the nested CV framework, using a 3-fold
CV strategy to optimize the hyperparameters of the prediction models. The list of hyperparameters
that were tuned for each model is detailed in Table Additionally, two feature selection methods,
bidirectional stepwise feature selection [8]] and recursive feature elimination (RFE) [109], were applied
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within the nested CV. A permutation importance score was used to determine the most predictive
features [[116]]. This process preserved the model’s predictive power, as measured by the cross-validated
AUC/C index, by removing redundant or uninformative variables. The model was trained using the
final selection of the best predictive features and optimized hyperparameter by the outer loop 5-fold CV.

Table 3.2 List of hyperparameters for classification and time-to-event algorithms.

Algorithms [ Description [ Hyperparameters
Classification:

Maximum number of estimators at which boost-

AdaBoost L . n_estimators: {1, 2, 3, 4, 5, 10}
ing is terminated

CART Maximum depth or depth limit of the trees max_depth: {1, 2, 3, 4, 5, 10}

CatBoost Maximum depth or depth limit of the trees max_depth: {1, 2, 3}

C4.5 Maximum total number of rules across all trees | max_rules: {1, 2, 3, 4, 5, 10}

FIGS Maximum total number of rules across all trees | max_rules: {1, 2, 3, 4, 5, 10}

GOSDT-GUESSES Trade-off between tree complexity and model | regularization: {0, 0.001, 0.005, 0.01, 0.05, 0.1, 0.2,
accuracy 0.3}

GBoost The number of boosting stages to perform n_estimators: {1, 2, 3, 4, 5, 10}

HS Maximum total number of rules across all trees | max_rules: {1, 2, 3, 4, 5, 10}

XGBoost Maximum depth or depth limit of the trees max_depth: {1, 2, 3}

Time-to-event:

Learning rate shrinks the contribution of each

| i : 0. 1, 0.001, 0.01, 0.1, 0.2, 0.4,
CW-GBoost base learner. Values in range [0.0, inf]: trade-off earning_rate: {0.0001, 0.001, 0.01, 01, 0.2, 0

) ) 0.6, 0.8, 1}
between learning_rate and n_estimators
Extra Survival Maximum depth or depth limit of the trees max_depth: {1, 2, 3, 4, 5, 10}
Survival Gboost Maximum depth or depth limit of the trees max_depth: {1, 2, 3, 4, 5, 10}

Weight of penalizing the squared hinge loss in

LSVM the objective function alpha: {1, 2, 3, 4}
NLSVM Welgh.t of.penallzm.g the squared hinge loss in alpha: {1, 2, 3, 4}
the objective function
Penalized Cox ElasticNet mixing parameter %Jatlo: {0.0001, 0.001, 0.01, 0.1, 0.2, 0.4, 0.6, 0.8,
Survival RF Maximum depth or depth limit of the trees max_depth: {1, 2, 3, 4, 5, 10}
Survival Trees Maximum depth or depth limit of the trees max_depth: {1, 2, 3, 4, 5, 10}

Model performance was improved by identifying the hyperparameters and predictive features
that produced the highest average AUC score for PD complication risk categorization and the highest
average concordance index (C-index) for time-to-complication analysis within the nested loop of the
CV. Hyperparameter tuning and feature selection within a CV framework can be used to optimize
model performance. These techniques involve iteratively adjusting hyperparameters and selecting
relevant features based on the model’s performance on different subsets of the data. By integrating
hyperparameter tuning and feature selection into CV, we aim to improve model generalization and reduce
the risk of overfitting, thereby improving the robustness and accuracy of our predictive models. The
data preparation procedures, including missing value imputation, cross-study normalization, categorical
encoding [[110], undersampling [113, 114]], and feature selection, were performed during each CV
iteration’s training and validation sets [109] to prevent data leakage. The external hold-out test set was
also subjected to independent application of the data preparation methods. Figure 3.3|visually represents
the entire data processing and analysis cycle.

Furthermore, patients with baseline PD complication outcome were excluded from the test set

20



evaluation in the CV workflow to ensure that the ML models were evaluated for their ability to predict
the onset of PD complication in individuals without prior onset of the outcome, thereby minimizing
potential bias that could arise from pre-existing conditions. This step ensures that the models focus on
identifying predictive features and patterns associated with the initial development of PD complications,
thereby enhancing their applicability to patient population at risk for PD complications rather than
those already affected. It also avoided optimistic predictive performance estimates by ensuring that the
test set truly represented novel cases, free from information indirectly available to the model during
training.

The optimized/best model in this thesis is defined as achieving the highest average cross-validated
AUC:s for classification tasks and C-indices for time-to-event analyses. These metrics ensure robust
evaluation of the model’s predictive performance, with the AUC assessing classification predictive
capability and the C-index evaluating the concordance between risk scores and observed event times.

Figure 3.2 Machine learning and cross-validation workflow.
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Ilustration of the machine learning and cross-validation workflow, which involves training and evaluating a PD complication prognostic
model using 5-fold cross-validation on the training set to assess average performance. A 3-fold nested cross-validation within the training set
was used to optimize hyperparameters and select predictive features to optimize the model’s predictive ability.
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Figure 3.3 Data processing and cross-validation workflow.
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Data processing and analysis workflow in each cross-validation cycle to optimize and evaluate the PD complication prognostic model. The
workflow covers missing values imputation, cross-study normalization, one-hot encoding, undersampling, and feature selection.

3.6 Model interpretability

To improve the interpretability of our PD complication prediction model, we used SHAP (SHapley
Additive exPlanations) value analysis, a widely used method for model interpretation introduced by
Lundberg and Lee (2017) [[119]]. Unlike model-specific approaches, SHAP analysis provides a model-
agnostic framework for post hoc interpretation [[80,|115], making it adaptable to different ML frameworks.
Using SHAP analysis, we quantified the predictive contribution of each feature to the outcome regardless
of the underlying model and evaluated their influence on specific outcome predictions. SHAP values
provide insight into the contribution and impact of each feature on model predictions. These values
are computed by evaluating the average change in prediction when a given predictor is added to all
possible model subsets. This method provides a more in-depth understanding of PD complication
prediction models’ underlying mechanisms, enhancing their interpretability and facilitating clinical
decision-making.

Interpreting ML models is important for understanding the models’ decisions. This is because
interpreting the models involves identifying and explaining the key predictors that influence the
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models’ predictive performance. This contributes to enhancing confidence in model predictions for
decision-making processes and reduces the gap between data scientists and clinicians, who require a
comprehensive understanding of model output.

In the study, we also used SHAP values to calculate the hazard ratio (HR) in the time-to-event
models proposed by Sundrani and Lu (2021) [[120]] on the hold-out validation set. This hazard ratio
(HR) quantifies the relative risk of developing PD complications over time based on various predictive
factors. It provides insight into significant associations and potential risk factors contributing to these
complications. The interpretation of HR thus provides insights into the influence of predictors on PD
complication development and how changes in predictors influence the hazard of experiencing these
complications.

To further improve the hazard ratio interpretation, we calculated confidence intervals (CI) using
the percentile method at a 5% significance level. This involved applying bootstrapping techniques to
resample data with replacement, generating a hazard ratios distribution. This distribution derived CI to
estimate the range within which the true HR is likely to fall, thereby providing a measure of uncertainty
associated with HR estimates.

Additionally, the log-rank test was used to identify an optimal threshold for continuous variables,
thereby allowing the categorization of patients into two distinct groups for HR analysis. The test
helped identify the value along the continuous variable that yielded the most prominent log-rank test
statistic, indicating a notable difference in conversion times between resulting groups. This optimal
threshold represents a meaningful division point where patients showed distinct outcomes concerning
PD complications. Stratifying patients based on this threshold enabled us to analyze the HR between
the groups, offering insights into the relative risk of PD complication onset associated with varying
levels of the continuous variable. A HR greater than 1 indicates an increased risk associated with a
particular predictor, while a ratio less than 1 suggests a reduced risk. The statistical significance of HR
was determined using CL

3.7 Model performance evaluation

AUC is a widely used performance metric for evaluating predictive ability in ML classification [121]. The
AUC score is a comprehensive measure of the actual positive rate (sensitivity) versus the false positive
rate (1-specificity), providing an intuitive measure to evaluate the model’s predictive power. The AUC
score ranges from 0 to 1, with a higher value indicating better predictive performance.

In time-to-event analysis, two outcomes are considered, which need to be considered in the model
performance evaluation. The C-index is widely used to measure the proportion of concordance pairs
among comparable pairs [7]]. In this context, considering a pair of patients (¢, j), the individuals with
higher risk on event (7; > 7;) are expected to experience the event of interest sooner, (7; < 7}) and vice
versa. Concordance pairs are defined as the individuals with (n; > n; : T; < Tj) or (n; < n; : T; > Tj),
and discordant otherwise. The C-index is calculated as

_ i LT > Ty) - I(ni < nyj) - 05

C
i 1(Ti > Tj) - 65

where I(-) is an indicator if its argument is true and §; is the censoring status of subject-j. The C-index
ranges from 0 to 1, with a higher C-index indicating better predictive power.
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Higher AUC or C-index values indicate better predictive performance and range from 0 to 1. AUC/C-
index values of 0.9 or higher are considered outstanding, values between 0.8 and 0.9 are considered
excellent, and values between 0.7 and 0.8 are considered acceptable. Conversely, an AUC or C-index of
0.5 represents a random prediction model with no predictive power.

To statistically evaluate and compare the performance of the optimized models in the same cohort
analyses, we applied DeLong’s test [122]], along with its extension by Kang et al. (2015) [[123], known
as the one-shot nonparametric approach, to the hold-out test set. DeLong’s test is commonly used to
compare the performance of classifiers, especially concerning the AUC value. It determines the statistical
significance of the difference between two AUC scores obtained from the same cohort. However, this
approach is less practical for larger sample sizes due to its high computational cost. Therefore, to address
this limitation, a superior algorithm has been introduced that reduces the complexity from quadratic to
linearithmic order [[122]], and this revised version was implemented in this study. It is important to note
that DeLong’s test was initially designed for dichotomous outcomes, not continuous outcomes, as in
the case of time-to-complication analyses. Therefore, Kang et al. (2015) [123]] extended DeLong’s test
to fit the C-index, known as the one-shot nonparametric approach. This estimator is computationally
efficient because it does not require resampling. Both DeLong’s test and the one-shot nonparametric
approach are asymptotically standard and normally distributed under the null hypothesis of

o) — §2)

where 0(!) represents the performance metric of model; and #(?) represents the performance metric of
models, to determine if the difference deviated significantly from zero.

Performance metrics for all cross-study normalization methods were compared on optimized non-
normalized and normalized models. P-values obtained from within-cohort comparisons were adjusted
using the Benjamini-Hochberg method to account for multiple hypothesis testing.

In assessing predictive model performance through CV, we applied the Bayesian signed-rank test
[124]], a valuable tool for comparing performance metrics across different predictive models. This
statistical test is particularly advantageous as it evaluates the null hypothesis that there is no difference
in performance between the two models. By estimating probabilities of hypotheses, this test provides a
more intuitive interpretation of results, allowing us to gauge the likelihood of one model being superior
to another.

Specifically, our analysis computed performance metrics such as the AUC or the C-index for each
optimized model during cross-validation. These metrics served as the basis for calculating performance
differences between pairs of models across 5-fold CV iterations [[125]. The Bayesian signed-rank test
identified the probability that the model consistently showed superior predictive performance across
the validation sets. This approach is robust as it considers performance variations across multiple folds,
comprehensively assessing model efficacy and generalizability.

Ensuring the stability of a prediction model is important for its generalizability to new data or future
PD patients. In this context, stability refers to the robustness of the model against perturbations in the
training set, which improves its reliability. We calculate the SD of performance metrics obtained from the
nested cross-validation within each k-fold cross-validation iteration to quantify stability. This calculation
uses the corresponding optimal hyperparameters identified during the nested cross-validation process.
This approach enables the assessment of the consistency of the model’s performance across different
subsets of the data, thereby providing insights into its reliability under varying conditions [8].
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3.8 Comparison of selected features across different cohorts

To compare feature selection results in single-cohort analyses, we computed feature selection statistics
to identify features consistently selected as predictors of PD complications across cohorts and methods.
Before feature selection, categorical variables were subjected to one-hot encoding, generating multiple
binary features representing different categories. To avoid counting duplicates, if multiple selected
features were derived from the same categorical variable within each CV fold, they were treated as a
single feature.

We calculated the percentage of times a predictive feature was selected in each of the 5-fold CVs
for each cohort. We then calculated the average percentage for each cohort, providing a consolidated
measure of the predictive utility of each feature. The average percentages were then compared across
the three cohorts for the optimized PD complication classification models and the time to complication
analysis. The goal was to identify consistent predictors of PD complications across methods and cohorts
that could serve as biomarkers for cross-cohort PD complication prediction.

To comprehensively compare variables across our study’s three cohorts, we used parametric and
nonparametric statistical tests: Analysis of Variance (ANOVA) and the Kruskal-Wallis test. ANOVA
was used when the assumption was met, including the normality of residuals (assessed using the
Shapiro-Wilk test), the homogeneity of variances (evaluated using Levene’s test), and the independence
of observations. When these assumptions were met, ANOVA allowed for the simultaneous comparison
of means across multiple groups, providing insight into potential differences in variable distributions
between cohorts. Conversely, in cases where the assumption was violated, the Kruskal-Wallis test,
a nonparametric alternative to ANOVA, was applied. The Kruskal-Wallis test evaluates whether the
distribution of variables significantly differs across cohorts without assuming normality, making it
robust for non-normally distributed data.

To gain further insights into specific differences between pairs of cohorts, pairwise comparisons
were conducted using the Dunn test, a post hoc test applied after the Kruskal-Wallis test with Bonferroni
correction. This correction helps mitigate the issue of multiple comparisons, providing a more stringent
criterion for statistical significance. Similarly, when ANOVA indicated significant differences, Tukey’s
Honestly Significant Difference (HSD) test was used as a post hoc test. Tukey’s HSD is well-suited for
ANOVA results, mainly when dealing with normally distributed data, as it offers a reliable means of
identifying which specific cohorts show statistically significant differences in variable distributions.
These combined approaches allowed for a comprehensive and robust assessment of variable distributions
across cohorts, considering normality assumptions and multiple comparison adjustments.

3.9 Univariate analysis

Univariate analysis provides valuable insights into the distribution and significance of variables across
different cohorts, aiding in the identification of potential predictors and predictors associated with PD
complications.

Univariate hypothesis testing was used to investigate potential statistical associations between
baseline clinical parameters and the occurrence of PD complications during the 4-year visit. When
the underlying assumption of normality was not met, we used the Mann-Whitney U test to assess the
statistical significance of differences in continuous variables between independent groups. For normally
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distributed variables, we used the two-sample t-test. Categorical variables were assessed using Fisher’s
exact test.

To examine the duration until the onset of PD complications, we initially examined the median
conversion time, representing the point at which 50% of PD patients experience the event of interest.
We used the log-rank test to compare Kaplan-Meier (KM) curves among different groups or subgroups
of PD patients. This statistical tool assesses whether significant differences exist in time-to-event
outcomes between groups and considers censored data. It enables event time to be compared between
heterogeneous patient populations, considering the frequency of problems and the time interval before
they occur.

Correlation analysis is fundamental in examining the relationships between variables relevant to
PD complications. Spearman correlation analysis assesses the correlation between two continuous
variables, providing insight into potential linear or monotonic relationships. In addition, point biserial
correlation analysis is used to examine the correlation between binary and continuous or ordinal variables.
Matthew’s Correlation Coefficient (MCC) is applied to evaluate the correlation between two binary
variables, providing a measure of the strength and direction of the association. Additionally, Kendall’s
tau correlation coeflicient is used to analyze the correlation between two ordinal variables, assessing
non-linear relationships and providing valuable insight into the ordinal variables. This study aims to
investigate the multifaceted relationship between various clinical parameters and PD complications
using these correlation analysis techniques, thus contributing to a comprehensive understanding of the
disease. Statistical significance was defined as a p-value of less than 0.05.

3.10 Validation of clinical utility measures

Evaluation metrics such as the AUC or C-index provide valuable information about a model’s discrimina-
tion performance. However, they do not offer direct insights into the clinical consequences of decisions.
Decision curve analysis (DCA) addresses this gap by evaluating the clinical utility of a predictive model.
It compares the model’s net benefit, considering the threshold probability for making clinical decisions.
DCA is a required tool in ML analysis, as it assists in the informed decision-making process regarding
the practicality of predictive models for clinical utility [126]].

To achieve this, we used the hold-out test set to apply DCA. This method identifies the range of
threshold probabilities at which the model provides a higher net benefit than alternative approaches,
such as treating all patients, treating none, or using a different model. Clinical utility is the net benefit,
which is desirable when positive [127]). This analysis assists clinicians in comprehending the practical
implications of using a predictive model in a real-world setting. It ensures the model performs well
statistically and improves clinical outcomes and decision-making.

In addition to DCA, the area under the net benefit curve (AUNBC) was also considered in the analysis.
This metric provides a summary measure of the overall benefit of the model across a range of threshold
probabilities, as introduced by Zhang et al. (2018) [128]. A larger AUNBC indicates more excellent
clinical utility and substantial benefit in clinical decision-making. The AUNBC was estimated using the
trapezoidal rule for numerical integration:

k—1
1
AUNBC ~ > 5 XAz x [NB(z;) + NB(zi11)]
=1
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where

k is the maximum number of step size between threshold values,
N B(z;) is the net benefit at threshold x;, and

Az is the step size between threshold values.

To establish the differences between the two models in AUNBC, we used bootstrapping hypothesis
testing for p-value estimation with 1,000 replicates. This process involves resampling the data to obtain
an empirical approximation of the differences in AUNBC sampling distribution. This method allows for
the estimation of p-values without relying on strict distributional assumptions. The following steps
were used in conducting the bootstrapping hypothesis test:

1. For each replicate, the dataset was randomly sampled with replacement to create a new dataset of
the same sample size.

2. The AUNBC was computed for each resampled dataset for both models.
3. The difference in AUNBC between the two models was determined for each replicate.

4. The p-value was estimated by calculating the proportion of replicates where the difference in
AUNBC was greater than the observed difference in the data without resampling.

The equation for estimating the p-value can be written as:

pvalue = g (6] > [to)
where
t; is the difference in AUNBC between the two models,
to is the observed difference in AUNBC between the two models,
I is an indicator function that is 1 if the condition is true, and 0 otherwise.

This method ensures a robust estimation of the p-value, thereby providing a reliable measure of
whether the difference in the performance of the two models is statistically significant. The threshold
for statistical significance was set at 0.05 in the analysis.

In addition to DCA, a calibration analysis was performed to assess the agreement between predicted
probabilities and observed outcomes using the hold-out test set. Calibration analysis is a process for
assessing the reliability of predictive models [127]]. It evaluates how well the predicted probabilities
from a model align with the observed outcomes, providing valuable insights into the model’s prediction
capability. For time-to-event outcomes, the observed conversion probabilities of the event occurring at
four years were calculated by fitting a KM function [[129].

Moreover, we conducted a comprehensive analysis of the predicted probabilities and observed out-
comes for classification and the observed conversion probabilities for time-to-event analysis, examining
the slope of the predicted probabilities versus the observed outcomes and the mean squared error
(MSE). The calibration slope was obtained by fitting a linear regression model in which the predicted
probabilities were regressed against the observed outcomes. A well-calibrated model shows a close
match between the predicted probabilities and the actual values in the analysis, as indicated by a slope
closer to 1 and a lower MSE.
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Chapter 4

Levodopa-induced dyskinesia in
Parkinson’s disease: Insights from
cross-cohort prognostic analysis using
machine learning

Levodopa is considered the standard treatment for Parkinson’s disease (PD) [30]]. It is a precursor to
dopamine [1] and is important in managing motor symptoms. Levodopa crosses the blood-brain barrier
and is converted into dopamine within the brain [30], which restores dopamine levels and alleviates
motor dysfunction.

The long-term use of levodopa is effective in managing the motor symptoms of PD. However, it is
associated with various adverse effects that significantly impact patients’ quality of life. These effects
include nausea, hallucinations, cognitive impairment, and motor complications. Nausea, a common
gastrointestinal (GI) side effect, is frequently reported by patients initiating levodopa therapy [32].
Hallucinations, particularly visual hallucinations, may also occur, leading to perceptual disturbances and
delusions [31]. Additionally, cognitive impairment is a significant concern, as some patients may show
a poorer response to levodopa, experiencing memory difficulties, confusion, and impaired executive
function [[42}130].

Levodopa-induced dyskinesia (LID) is a common complication of long-term levodopa treatment
in PD [} 26]. LID tends to become more frequent and severe over time [131]. Levodopa significantly
relieves motor impairments such as bradykinesia and rigidity [19, [31]]. However, prolonged use can
develop involuntary and hyperkinetic movements, including dystonia, myoclonus, chorea, or ballism [28|
29, /132]]. The management of LID is a substantial challenge in the treatment of PD, particularly when it
manifests subsequent to levodopa administration. It has been demonstrated that in addition to levodopa,
dopamine agonist monotherapy can also contribute to the development of dyskinesia [133]. Individuals
without PD and those with other neurological diseases typically do not experience dyskinesia following
prolonged treatment with levodopa [23} |134]].

It is important to note that levodopa administration is temporally associated with LID. In the OFF
state, characterized by low dopamine levels, individuals may experience dystonia, which involves
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involuntary muscle contractions leading to abnormal postures or movements [135]]. Dyskinesia often
occurs early in the morning [58]] and can be particularly distressing and disabling for patients, often
affecting the lower limbs [[134]]. These movements, which are involuntary and uncontrollable, can disrupt
daily activities and impair functional independence. LID can be refractory to treatment [23]. In advanced
stages of PD, patients may be unable to care for themselves without appropriate LID management [[136].
Managing LID can be a clinical challenge, often requiring dose adjustments, medication combinations, or
advanced therapies such as Deep Brain Stimulation (DBS). It is important to note that reducing levodopa
treatment may worsen motor side effects [29]].

LID presents a significant challenge in the long-term management of PD. Its prevalence is closely
linked to disease duration and daily levodopa dosage, which show stronger correlations than the
cumulative amount of levodopa received [137]. Several studies have shown that approximately 30% to
50% of PD patients develop dyskinesia within the first five years of levodopa treatment [29,(131}138]],
with a median onset time of 5.9 years [139]], and this percentage increases to over 90% after ten years of
treatment [|1,[58]]. In advanced stages of PD, 80% of patients treated with levodopa develop LID, with
30% experiencing LID within three years of starting levodopa therapy [22]. Research indicates that
within an average treatment duration of 20.5 months, 20-30% of patients develop LID [135]. Notably,
younger patients aged 40-49 years face a higher risk of LID, with approximately 50% to 70% experiencing
dyskinesia after five years of levodopa treatment, compared to 42% in older patients aged 50-59 years
[22]. Additionally, individuals with early-onset PD show a higher incidence of LID compared to those
with late-onset PD [[15]. Mild-to-moderate dyskinesia is observed in over 60% of cases, while severe or
incapacitating dyskinesia is experienced by around 16% of individuals [140].

Previous studies have used various methodologies to investigate LID in PD, providing insights into
its pathophysiology and risk factors and developing predictive models using clinical data. The emergence
of Machine Learning (ML) techniques has significantly improved LID prognosis by integrating various
factors, such as clinical, demographic, and genetic variables, to customize treatment strategies. Advanced
analytical methods, such as logistic regression, Cox proportional hazards regression modeling [132], and
multivariate analysis [15], have been used to investigate the complex relationship between clinical and
genetic variables and their association with LID. For example, one study [141]] used logistic regression
to analyze motor complications in 91 patients based on the duration of levodopa therapy. Another study
[140] used logistic regression focused on clinical profiles and disability to identify risk factors for LID in
110 PD patients treated with levodopa. This methodology was also used to achieve an AUC of 0.817 based
on data from 430 PD patients receiving levodopa [[138]]. Cox proportional hazards regression models
were used to investigate the impact of white matter connectivity networks among 30 LID+ patients, 47
LID- patients, and 28 controls [[142]]. Additionally, the relationship between cognitive dysfunction and
LID development over time was assessed using data from 121 PD subjects undergoing comprehensive
neuropsychological assessments in the ON state [62]]. Robust statistical techniques are important for
understanding the complex dynamics of LID progression and associated factors in PD populations.

LID pathophysiology is complex and influenced by various factors, reflecting the interplay between
disease progression, treatment modalities, and individual patient characteristics. The stage and severity
of PD are important in determining the risk of developing LID and guiding therapeutic decisions [[17].
Disease progression in PD increases the risk of levodopa-related complications, which can significantly
affect patients’ functional abilities [3]]. Additionally, there is evidence that early-onset PD [131] and
specific motor symptoms such as rigidity and bradykinesia [19] may increase susceptibility to LID.
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Resting tremor, a hallmark motor symptom of PD characterized by involuntary limb shaking even at
rest, has been investigated for its potential role in modifying the risk of LID. Some studies suggest that
resting tremor might have a protective effect against the development of LID, suggesting a negative
correlation between resting tremor and dyskinetic symptoms in levodopa-treated PD patients [58, 134].

Moreover, non-motor symptoms, including cognitive impairment, depression, and anxiety, have
been demonstrated to be associated with motor symptoms and have been shown to increase the risk of
developing LID in patients with PD [15, 62,132, |143]. Weight loss, frequently observed in PD patients
[22], may be influenced by levodopa usage and dyskinesia [25]. Levodopa administration may also affect
nutritional status dose-dependently [33]]. Furthermore, it has been found that genetic factors, such as
GBA mutations, are associated with an increased risk of motor complications in patients with PD [47,
137]]. It is important to comprehend these complex factors and their interactions to develop precise
interventions and personalized management strategies for LID in PD.

Pharmacological interventions are important for managing LID by modifying dopaminergic trans-
mission to minimize peak-dose dyskinesias. These interventions include adjusting levodopa dosages
and using adjunctive medications such as dopamine receptor agonists. Although MAO inhibitors are
effective as an adjunct therapy in both early and advanced PD cases, their use is limited due to side effects
[1]. Another pharmacological option for LID management is dopamine agonists (DAs), which delay the
onset of motor complications when prescribed early in PD. However, DAs may be less well-tolerated
than levodopa, particularly among older patients, due to the increased prevalence of adverse effects
such as nausea and hypotension, as well as central adverse effects such as hallucinations [1]].

For patients with severe and persistent LID, DBS surgery presents an alternative treatment option.
DBS effectively alleviates dyskinetic symptoms and improves motor function [1]. Early DBS intervention
has been associated with favorable outcomes and improved quality of life [27]. Early initiation of treat-
ment has also been shown to increase life expectancy among PD patients, highlighting the importance
of timely intervention in disease management [|141]].

Reducing levodopa dosage during dopaminergic therapy is a common initial step in managing
dyskinesia [[29]. However, its impact on parkinsonism requires careful consideration. Evidence regarding
whether delaying levodopa treatment can postpone dyskinesia onset remains inconclusive [[28]. These
findings highlight the continued need for innovative and personalized therapeutic approaches to manage
LID and improve overall PD patient outcomes.

The management of LID in PD patients requires the consideration of GI tract issues. Individuals
receiving levodopa therapy must be aware of the potential impact of these issues on medication ab-
sorption and efficacy [32]. Studies have reported a high prevalence of GI symptoms in PD patients.
Specifically, 88.9% of patients experience these symptoms before PD onset, detectable up to 20 years
before diagnosis [25, |144]. Delayed gastric emptying is a common GI symptom in PD and has been
identified as a significant factor contributing to levodopa malabsorption and subsequent motor complica-
tions. Delayed gastric emptying has been shown to negatively affect levodopa transport and absorption,
potentially leading to medication overload and worsening motor symptoms [30]. The extended transit
time of levodopa through the GI tract can potentially hinder its delivery to absorption sites, thereby
reducing its therapeutic effects [145]]. Effective management strategies for GI dysfunction often involve
dietary modifications to improve gastric motility [146], optimizing medication administration to improve
absorption rates, and additional treatments targeting underlying GI dysfunction [[147].

Effective management of LID in PD requires careful consideration of nutritional factors due to their
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significant impact on medication absorption and effectiveness [148]. Dietary factors are important in
levodopa [149]], the cornerstone of PD treatment. Various dietary components, such as protein and
vitamins, play a role in influencing the absorption and utilization of levodopa, thus affecting treatment
outcomes [30} 35]. Protein intake is a significant factor for PD patients because dietary protein can
compete with levodopa for absorption in the small intestine [[150]. High-protein meals have been shown
to reduce levodopa absorption, leading to fluctuations in medication levels and potentially compromising
symptom control [30].

Specific vitamins such as folic acid, B-6, and B-12 can also interfere with levodopa metabolism,
reducing effectiveness [34}(151,|152]]. Incorporating vitamin C into levodopa plus carbidopa solutions can
prevent degradation and maintain medication stability [34]. Furthermore, dietary fiber and caffeine have
been identified as potential stimulants of levodopa absorption [39,153]], improving the clinical response
to levodopa and reducing the risk of LID in patients with PD. Patients should maintain a balanced diet
of fruits, vegetables, and whole grains to ensure adequate nutrient intake without negatively affecting
levodopa absorption [34]].

4.1 Rationale for the study

A comprehensive understanding of LID plays a role in optimizing the management of PD. We can gain
valuable insights to anticipate and address this challenging aspect of PD treatment by exploring the
underlying mechanisms, identifying risk factors, and predicting LID occurrences. Studying LID can
lead to the development of personalized treatment strategies based on individual patient characteristics
and disease trajectories. We can identify potential biomarkers, genetic factors, and clinical predictors
associated with LID susceptibility and stratify patients based on their risk profile. This enables the
implementation of preventive measures or early interventions, effectively mitigating the development
or progression of dyskinetic symptoms, leading to a better quality of life for individuals living with PD.

Previous studies have primarily focused on single-cohort analyses, which may introduce potential
cohort-specific biases. This study aims to address this research gap by implementing a cross-cohort
analysis. This approach enables the identification of more robust and generalizable predictors associated
with LID. By integrating cross-study normalization, this approach accounts for variability across different
patient populations, thereby enhancing the reliability of the findings. Implementing of cross-cohort
analysis offers significant advantages in refining treatment regimens and improving patient care. This
approach provides a more comprehensive understanding of predictors across diverse groups, enhancing
the reliability of the findings.

4.2 Objective of the current study

This chapter aims to analyze LID in PD comprehensively. This will be achieved through a multifaceted
approach incorporating cross-cohort analysis, ML techniques, and identifying key predictors associated
with LID complications. The specific objectives of this chapter are outlined as follows:

1. Integrate cross-cohort analysis and cross-study normalization:

Examine the effectiveness of cross-cohort analysis, incorporating cross-study normalization techniques,
to combine data from multiple independent cohorts. This approach identifies predictive features
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associated with LID across diverse patient populations. Utilizing ML techniques to analyze these
complex datasets reveals novel associations between clinical, demographic, and genetic factors and the
onset of LID.

2. Develop predictive models using ML techniques:
Fine-tune model parameters and features to optimize predictive accuracy and ensure generalizability
across various patient cohorts. This enables effective stratification of individuals based on LID risk.

3. Identify key predictors associated with PD Complications, Specifically LID:

To integrate heterogeneous data sources using advanced ML algorithms to identify predictive features
for LID and facilitate the development of highly accurate prognostic models. This chapter aims to
investigate potential interactions among different predictors and highlight their overall impact on the
development of LID, providing insight into the multifactorial nature of this complication in PD.

It provides insights into the multifactorial nature of this complication, improves our understand-
ing of LID development, predictive capabilities, and ultimately contributes to developing targeted
interventions and personalized treatment strategies for PD patients at risk of developing LID.

4.3 Research methodology

The methodology used to study LID in PD is comprehensive, integrating clinical data, ML techniques, and
cross-cohort analysis. Section 3.1 outlines the criteria for cohort selection. The eligible cohorts included
demographic information, disease severity assessments, clinical examinations, and gene mutation
profiles. This structured approach ensures uniformity in selecting participants across cohorts and
facilitates collecting relevant data for LID research.

4.3.1 Inclusion criteria

The analysis of LID in PD involved assessments using standardized tools and clinical observations.
Patients diagnosed with PD underwent evaluation using the Movement Disorders Society-Unified
Parkinson’s Disease Rating Scale (MDS-UPDRS) during clinical visits. Patients were categorized as
having PD with LID if they met specific criteria during assessments. To be classified as having PD with
LID, the criteria included scoring > 1 on either item 4.1 (amount of time spent with dyskinesias) or
item 4.2 (functional impact of dyskinesias) of the MDS-UPDRS Part IV scale. The presence of dyskinesia
observed during the clinical motor examination was also considered.

The total MDS-UPDRS Part IV score was excluded from further analysis to prevent duplication
of dyskinesia evaluation. It is important to note that the LuxPARK cohort was assessed exclusively
during the ON state. Therefore, the analysis is limited to data collected during this phase. Assessments
conducted during the OFF state were excluded from consideration due to this cohort’s specific protocol.
The study’s inclusion criteria for participants were:

Inclusion criteria (1): The diagnosis of PD must be confirmed according to the UK Parkinson’s Disease
Society Brain Bank Diagnostic Criteria (UKPDSBB) criteria [154]]. Alternatively, subjects must have at
least two of the following: rest tremor, bradykinesia, or rigidity with either rest tremor or bradykinesia,
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or a single asymmetric rest tremor or asymmetric bradykinesia [[103]].

Inclusion criteria (2): Patients must be categorized into two groups based on LID symptoms: those who
present with LID symptoms within four years of the baseline clinical visit (LID+) and those who do not
show LID symptoms during these four years (LID-). These criteria ensure a focused and relevant study
population for investigating LID in PD.

Table shows the number of PD patients who met the study’s inclusion criteria. The table
also presents the percentage of events (LID+) used for classification and time-to-event analysis. The
timeframe for LID classification was set at a four-year follow-up period from the baseline clinical visit.
For the time-to-LID analysis, the outcome was defined as the time until the LID occurrence or until the
last follow-up if the event was censored. This approach allowed us to account for the varying lengths of
follow-up and provided a comprehensive understanding of the time-to-LID development across different
patient cohorts.

Table 4.1 Number of patients meeting inclusion criteria for LID analysis.

Cohort Inclusion Inclusion Events Events
criteria (1) criteria (2) (LID Classification) (Time-to-LID)
LuxPARK 706 356 210 (59.0%) 222 (62.4%)
PPMI 796 484 173 (35.7%) 348 (71.9%)
ICEBERG 162 113 36 (31.9%) 36 (31.9%)
Total 1664 953 419 (44.0%) 606 (63.6%)

Number of patients who met the inclusion criteria and the distribution of the events. The “Events” columns show the total number and
percentage of subjects who developed LID during the specified period. LID classification was performed up to 4 years of follow-up, and
time-to-LID analysis was performed up to the last available follow-up visit for each patient.

4.3.2 Machine learning framework

To initiate the LID analysis in PD, structured data preprocessing (Section played a role in ensuring
data quality and enabling effective modeling. An element of this step was variable aggregation (see
Section [3.2.1), which involved consolidating relevant variables to reduce data dimensionality while
preserving important information related to LID and PD. The dataset was subsequently simplified for
subsequent analyses, enhancing computational efficiency and facilitating the interpretation of results.

After variable aggregation, a robust cross-validation (CV) framework was implemented to validate
ML models effectively. Several techniques were applied within each fold of the CV process to address data
complexities. Initially, incomplete data points were handled using missing value imputation techniques
(Section[3.2.2) to ensure a comprehensive and reliable dataset for analysis. Subsequently, categorical
variables were converted into numerical representations using categorical encoding techniques (Section
to enable accurate processing by ML algorithms.

Additionally, cross-study normalization techniques (Section [3.2.4) were applied to continuous vari-
ables to mitigate biases and ensure consistency in the analysis. This technique standardizes data across
different cohorts, which is particularly important when dealing with datasets from diverse sources or
cohorts with distinct data distributions. These data preprocessing steps established a basis for the ML
analyses that focused on LID classification and time-to-LID analyses in patients with PD.

We implemented undersampling techniques (Section [3.2.5) specifically on the training set to address
the class imbalance challenge in clinical datasets. This approach helped to balance the distribution of
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outcomes within the training data, preventing ML models from showing bias towards the majority class
and improving their ability to generalize to unseen data.

The procedure for selecting features (Section [3.2.6) was integrated into a nested CV framework. This
framework combined feature selection and hyperparameter tuning within the nested CV process to
discover predictive features while optimizing model generalization and robustness. Within each fold of
the nested CV, feature selection techniques were used to identify the most informative and relevant
features associated with LID. The techniques were developed to decrease dimensionality, focusing on
the most relevant features associated with LID while mitigating the risk of overfitting.

ML classification techniques were used to classify patients into two groups based on their 4-year
follow-up visits: LID+ (those showing LID) and LID- (those without LID). The objective was to apply
different ML algorithms, as described in Section [3.3] within a CV framework (Section[3.5) to ensure the
robustness and generalizability of the models across different patient cohorts.

In addition to LID classification, the study also included time-to-LID analysis, considering the
duration until the onset of LID symptoms for each patient up to their last follow-up visit. This phase
used ML models, including time-to-event analysis techniques outlined in Section to estimate the
risk score of LID development over time based on individual patient characteristics.

The goal of integrating ML analyses for both LID classification and time-to-LID analyses was to
provide a comprehensive understanding of the factors contributing to the development of LID in PD.
These analyses facilitated accurate patient classification into LID+ and LID- groups and enabled the
prediction of key milestones related to LID onset. These insights are of particular value to clinicians, as
they may facilitate the personalized development of treatment strategies and the early interventions
customized to the specific needs of individual patients.

This study used model interpretability techniques, such as SHAP values (Section [3.6), to understand
the ML models used for LID classification and time-to-LID analyses. The SHAP values helped to
identify the features that significantly influence the decision-making process of the models, enhancing
transparency and aiding in understanding how the models derive their predictions. By using SHAP
values, we gained insights into how the ML models work and improved their predictions’ trustworthiness.

The predictors identified through the time-to-LID model are also important in understanding PD-
associated complications. We used hazard ratios (HR) derived from integrating SHAP values analysis to
deepen our understanding of these predictors (see Section[3.6). HR provides a quantitative measure of
the relative risk associated with each predictive feature, offering valuable insights into the likelihood of
developing LID over time based on various contributing factors.

This study developed two distinct prediction models to analyze the onset of LID in PD patients. The
first model, known as comprehensive model, included all baseline clinical features shared across the
cohorts without prior feature selection. This model aimed to use as much information as possible from
the available data to capture a range of factors contributing to LID prediction.

In contrast, the second model, the refined model, focused on a subset of clinical features that excluded
baseline dyskinesia and levodopa medication. The refined model aimed to identify additional risk factors
or biomarkers that might independently contribute to LID development by excluding baseline LID
symptoms or levodopa treatment.

The rationale for developing both models was to comprehensively explore different aspects of LID
prediction. The comprehensive model considered all available features, including baseline dyskinesia
and levodopa medication, providing a comprehensive view. However, the refined model allowed for a
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more subtle analysis by isolating other potential predictors. Comparing these models’ performance and
feature importance provided insights into the relative contributions of different clinical features and
their predictive power for LID onset in PD patients.

To assess the predictive performance of the models, comparisons were made between the compre-
hensive and refined models and between the non-normalized and normalized models within the same
cohort analysis. As discussed in Section[3.7} we used hold-out AUC or C-index metrics to evaluate the
classification and time-to-event analysis.

Comparing the comprehensive and refined models was intended to identify specific features sig-
nificantly influencing LID prediction. Additionally, evaluating the performance of non-normalized
versus normalized models within the same cohort provided insight into how cross-study normalization
procedures affected model predictive ability. These comparisons were important for comprehending
model behavior across various feature sets and ensuring reliable predictive performance in predicting
LID onset for PD patients.

In addition to evaluating the predictive performance of different models, we conducted cross-
validated performance metric comparisons using the Bayesian signed-rank test discussed in Section|[3.7]
This method provides probabilities indicating the superiority of one model over another based on their
performance metrics. By leveraging Bayesian techniques, we obtain more interpretable results regarding
the relative strengths of predictive models in capturing the complexities of LID onset prediction in
PD patients. This approach goes beyond simplistic comparisons to offer probabilistic insights into the
efficacy and reliability of models across multiple validation sets, thereby enhancing the robustness of
our analyses.

The stability of the optimized model for each cohort analysis was thoroughly evaluated to ensure
reliable and consistent predictive performance across various iterations and data subsets. A stable model
shows robustness in its ability to generalize well to unseen or future data samples, providing confidence
that the model’s performance is not overly sensitive to specific subsets of the data and can consistently
perform well on new, unseen data. Conversely, models lacking stability may show higher variance or
overfitting issues. Stability analysis identifies such issues, ensuring the model’s performance remains
consistent across validation sets and increasing its reliability in real-world settings.

we conducted statistical analyses to assess their predictive capabilities and compare selected features
across the 5-fold CV in a single cohort analysis. The analysis involved calculating percentages to
compare the selected features’ frequency across each CV fold. This approach provided valuable insights
into the consistency and variability of feature selection across multiple model training and evaluation
iterations. The study highlighted key features that significantly contribute to predictive performance by
identifying stable predictors across various folds, as discussed in Section [3.8]

4.3.3 Statistical analysis

The study included univariate analysis to assess the relationships between each predictor and the
outcomes within four years (LID+ and LID-). The significance levels of these tests were used to identify
predictors strongly associated with LID development within the specified timeframe. Additionally, the
study investigated whether these associations varied significantly across different cohort groups.
Furthermore, a correlation analysis was conducted to examine the relationships between different
predictors among features. Correlation coefficients were calculated to measure the strength and direction
of linear or monotonic relationships between pairs of predictors. This analysis aimed to identify highly
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correlated features that could potentially impact model interpretability. The detailed methods for the
univariate and correlation analysis can be found in Section 3.9 of the study.

4.3.4 Clinical utility analysis

To assess the clinical utility and reliability of the prediction models for LID, we conducted decision curve
analysis (DCA) and calibration analysis, with detailed methodologies provided in Section The
DCA approach ensures that our models show satisfactory predictive performance and offer meaningful
benefits for clinical decision-making and PD patient outcomes.

The study assessed the clinical utility of the predictive models for LID by measuring the area under
the net benefit curve (AUNBC). This metric quantifies the effectiveness of the models regarding clinical
decision-making, whereby the net benefits of different intervention strategies are compared. The AUNBC
was calculated for the optimized models and then compared to the area under the curve for the “treat all”
strategy. This comparison is intended to illustrate the additional benefit of utilizing predictive models
instead of a baseline strategy wherein all patients receive intervention irrespective of their predicted
risk. A higher AUNBC for the optimized models indicates they are more clinically helpful in managing
LID in PD.

Furthermore, the study applied bootstrapping hypothesis testing to calculate p-values and assess the
significance of the observed differences. The null hypothesis proposed that there would be no significant
difference in the AUNBC between the two optimized models. The p-values were adjusted using the
Benjamini-Hochberg procedure to accommodate the multiple comparisons. This adjustment ensures
that the reported p-values accurately reflect the probability of the differences, thereby validating the
optimized models’ improved performance in predicting LID in PD.

Similarly, a calibration analysis was conducted to assess the degree of correspondence between
the predicted probabilities and the actual outcomes for LID classification, as well as the predicted
conversion probabilities and the observed conversion probabilities at year-4 for the time-to-LID model.
The evaluation measures the slope and the MSE of the calibration curve, thereby providing insights
into the models’” accuracy and reliability in predicting LID. A slope of approximately 1 and a lower MSE
indicate superior calibration, suggesting a robust alignment between predicted and observed outcomes.
This calibration analysis reinforces the robustness and clinical utility of the predictive models.

4.3.5 Code availability

R (v4.2.1) was used for data processing, normalization, and statistical analyses, while Python-3.8.6-
GCCecore-10.2.0 was used for ML predictions. The open-source code is available in the GitLab repository
under the MIT license at
https://gitlab.com/uniluxembourg/lcsb/biomedical-data-science/bds/ml_dyskinesial

4.4 Results

4.4.1 Individual cohort analyses

The optimized models for each cohort were selected based on the highest average AUC scores for the
LID classification model and the highest average C-index values for the time-to-LID model during 5-fold
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CV, as highlighted in Tables and[A.2] respectively. The hold-out performance metrics for
the optimized comprehensive and refined LID classification models, including precision, recall, F-score,
accuracy, and balanced accuracy, closely followed the hold-out AUC trends (these additional metrics
are not shown in the thesis). These metrics offer insights into the robustness and generalizability of
predictive models for LID across diverse patient cohorts. Table [4.4 presents the results of DeLong’s and
one-shot nonparametric tests, which compare the hold-out predictive performance (AUC/C-index) of
the optimized models in each cohort.

The comprehensive LID classification model’s predictive performance was evaluated using AUC scores
across the LuxPARK, PPMI, and ICEBERG cohorts. In the LuxPARK cohort, the optimized comprehensive
model achieved an average cross-validated AUC of 0.735 (SD 0.091) and a corresponding hold-out AUC
of 0.678, utilizing 37 features. The hold-out prediction performance of the model showed consistency,
with balanced accuracy matching the AUC and a precision of 0.686, highlighting its effectiveness in
making accurate predictions while managing class imbalances. However, the optimized refined LID
classification model in LuxPARK also showed satisfactory performance, with an average cross-validated
AUC of 0.706 (SD 0.051) and a hold-out AUC of 0.655, utilizing a reduced feature set 29. The DeLong test
for LuxPARK yielded a non-significant p-value of 0.925, indicating no significant difference between the
hold-out AUC of the optimized comprehensive and refined models.

In the PPMI cohort, the optimized comprehensive LID classification model showed an average cross-
validated AUC of 0.629 (SD 0.071) and a hold-out AUC up to 0.656. In contrast, the optimized refined
model in PPMI showed an average cross-validated AUC of 0.639 (SD 0.091) and a hold-out AUC of
0.659, with 9 features. DeLong’s test for PPMI yielded a significant p-value of 0.036, indicating that the
optimized refined model outperforms the optimized comprehensive LID classification model in terms of
hold-out AUC. The refined LID classification model showed improved hold-out predictive performance
compared to the comprehensive model, particularly in precision, recall, and F-score, showing a better
balance classification. While both models have similar balanced accuracy, the refined model has higher
recall and F-score, highlighting its improved ability to identify LID outcomes while maintaining precision
correctly.

Similarly, the optimized comprehensive LID classification model in the ICEBERG cohort showed an
average cross-validated AUC up to 0.595 (SD 0.144) and a hold-out AUC up to 0.652. The optimized refined
model achieved an average cross-validated AUC of 0.558 (SD 0.122) and a hold-out AUC of 0.515, utilizing
only two features. The GOSDT-GUESSES-optimized model achieved a hold-out AUC of 0.718 despite a
lower average cross-validated AUC. The DeLong test for ICEBERG yielded a non-significant p-value of
0.776, indicating no significant difference between the hold-out AUC of the optimized comprehensive
and refined models.

The optimized comprehensive model showed varied performance across cohorts regarding the time-
to-LID model. In LuxPARK, the average cross-validated C-index was 0.714 (SD 0.027), while the hold-out
C-index was 0.577, utilizing 11 features. By comparison, another model using 13 predictors achieved
an average cross-validated C-index of 0.667 (SD 0.055) and a hold-out C-index of 0.651. The optimized
refined time-to-LID model in LuxPARK showed a slightly lower average cross-validated C-index of
0.701 (SD 0.051) with a comparable hold-out C-index of 0.648. The one-shot nonparametric test for
LuxPARK indicated that the optimized refined model outperformed the comprehensive model regarding
the hold-out C-index with p-values of 0.020.

In the PPMI cohort, the optimized comprehensive time-to-LID model displayed satisfactory perfor-
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mance metrics, boasting an average cross-validated C-index of 0.697 (SD 0.041) and a hold-out C-index
of 0.663, all achieved using a feature set 28. Conversely, the optimized refined time-to-LID model in
PPMI showed comparable results, with cross-validated and hold-out C-index values of 0.688 (SD 0.048)
and 0.662, respectively, utilizing a slightly more extensive feature set of 32. Interestingly, the one-shot
nonparametric test for PPMI indicated no significant difference (p-value 0.908) between the hold-out
C-index values of the optimized comprehensive and refined models, highlighting their similar predictive
capabilities in this specific cohort.

However, the optimized comprehensive time-to-LID model showed moderate performance in the
ICEBERG cohort, with an average cross-validated C-index of 0.576 (SD 0.115) and a hold-out C-index up
to 0.585, using four features. The optimized refined time-to-LID model had a similar hold-out C-index
(p-values 0.367), reaching 0.572. This was accompanied by a slightly lower cross-validated C-index of
0.586 (SD 0.108), utilizing nine features.

The Bayesian signed-rank test probabilities provide insights into models’ relative cross-validated
predictive performance across cohorts. About optimized comprehensive LID classification, the proba-
bilities indicate a high likelihood (1.00) of the LuxPARK model’s predictive superiority over PPMI, a
similarly high likelihood (0.97) over ICEBERG, and a moderate likelihood (0.68) of PPMI’s superiority
over ICEBERG, as shown in Figure For the optimized refined LID classification models (see Figure
[A.1), the probabilities indicate a high likelihood (0.93) of LuxPARK’s model being superior to PPMI, an
even higher likelihood (0.99) over ICEBERG, and again, a high likelihood (0.99) of PPMI’s model being
superior to ICEBERG.

In the optimized comprehensive time-to-LID models, the probabilities strongly suggest that LuxPARK’s
model is highly likely (0.90) to outperform PPMI in cross-validated C-index, even more (0.99) than
ICEBERG. Similarly, there is a high probability (0.99) that PPMI's model performs better than ICEBERG’s
model in this context (see Figure[4.2). Finally, for the optimized refined time-to-LID models, displayed in
Figure the probabilities indicate a moderate likelihood (0.67) of LuxPARK’s model being superior to
PPMLI, a high likelihood (0.97) over ICEBERG and a similar high likelihood (0.97) of PPMI’s model being
superior to ICEBERG.

Assessing the stability of predictive models is used to understand their reliability across diverse
cohorts or variations within the same dataset. In this study, we measured the stability of the comprehensive
and refined LID classification models (Figures[A.3|and[A.4) and the comprehensive and refined time-to-LID
models (Figures and[A.6) across each cohort analysis using the SD of their performance metrics
from the cross-validation framework. Notably, the ICEBERG cohort analysis displayed lower stability,
indicated by higher SD, suggesting more variability in performance. Conversely, consistent stability
trends among algorithms were observed in LuxPARK and PPMI cohorts, underscoring their stable
predictive performance across different analyses.
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Table 4.2

Predictive performance metrics for comprehensive LID classification in single-cohort analyses.

Algorithm L:z:’(ﬁRK Number HI:)ll)g-“ Number Igli?dE-RG Number
I\(/\selz)x)n out of I\(Aseg)n out of I\(/lseS;I out of
AUC features AUC features AUC features
AdaBoost (g:gg) 0532 4(6) (g:gis) 0.582 2(6) (8:;‘2) 0512 102
CART (g:g;g) 0.561 2(3) (g:ggg) 0.555 9(10) (8:322) 0.512 1(2)
CatBoost (gl'ggg) 0.577 5 (6) (z:zﬁg) 0.656 14 (24) (g:gjg) 0.652 8(16)
C45 (g:ggg) 0.559 2(7) (g:gg?) 0.570 5(11) (8:(5);“7)) 0.390 1(6)
FIGS (g:f’i; 0.539 7(11) (g:g%) 0.557 3(9) (gzggi) 0.512 1(2)
ESEEST_ (8:16;; 0.562 10 (10) (g:(s)?s) 0.521 21 (36) (S:ﬁ;) 0.448 8 (10)
GBoost (g:ggg) 0.641 16 (24) (g:gig) 0.621 17 (24) (8:(5)?;) 0.607 6 (7)
HS (g:ng) 0.530 5(9) (8:33;) 0.557 3(9) (gzggi) 0.512 1(2)
XGBoost (3: ;jf ) 0678 37(59) (g:ggi) 0.621 9(9) (8:11522) 0.533 13 (14)

An overview of the comprehensive LID prognostic classification’s predictive performance statistics summarizes the comprehensive LID

prognostic classification’s predictive performance statistics in single cohort analyses. The optimized models are listed with cross-validated

and hold-out AUC values and the corresponding number of features used in each optimized model. Models with the highest average AUC

scores in the cross-validation of the cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in
italics. The column labeled ‘Number of features’ displays the number of features selected during nested cross-validation. The number in front
of the brackets indicates the number of selected predictive features in the cross-validation determined through permutation importance

analysis.
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Table 4.3 Predictive performance metrics for comprehensive time-to-LID in single-cohort analyses.

Algorithm LuxPARK PPMI ICEBERG
Mean Hold- Number Mean Hold- Number Mean Hold- Number
(SD) out of (SD) out of (SD) out of
C-index features C-index features C-index features
CW- 0.667 0.696 0.576
CBoost (0035 0671 13 (17) 0.033) 0.640 14 (21) o113 %451 4(11)
Extra Sur- 0.699 0.694 0.548
vival 0.101) 0.610 11311) (0.054) 0.651 70 (97) (0.088) 0.542 9(9)
Survival 0.648 0.669 0.570
CBoost (0.069) 0.647 119 (120) 0.074) 0.643 17 (22) ©0132) 0% 19 (58)
0.628 0.670 0.531
LSVM (0.043) 0.614 15 (15) (0.040) 0.652 35 (35) 0116) 0.557 103 (104)
0.642 0.673 0.561
NLSVM 0.017) 0.618 20 (20) (0.045) 0.650 29 (29) 0142) 0.452 10 (10)
Penalized 0.685 0.697 0.551
Cox (0.046) 0.532 1(5) ©o11) %663 28 (51) 0.052) 0517 4(4)
. 0.714 0.672 0.543
Survival RF 0027y 0577 11 (11) 0.061) 0.650 46 (72) 0114) 0.549 10 (33)
Survival 0.613 0.644 0.564
Trees (0.052) 0.582 4(7) (0.098) 0.622 8(12) (0.087) 0.498 1(3)

An overview of the comprehensive time-to-LID predictive performance statistics summarizes the comprehensive time-to-LID predictive
performance statistics in single cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the
corresponding number of features used in each optimized model. Models with the highest average C-index in the cross-validation of the
cohort analyses are highlighted in bold. The model with the highest hold-out C-index is indicated in italics. The column labeled ‘Number of
features’ displays the number of features selected during nested cross-validation. The number in front of the brackets indicates the number
of selected predictive features in the cross-validation determined through permutation importance analysis.

Table 4.4 Significance testing of hold-out predictive metrics between normalized and unnormalized models for
LID in multi-cohort analyses.

Cohort LID classification Time-to-LID
LuxPARK 0.925 0.020
PPMI 0.036 0.908
ICEBERG 0.776 0.367
Cross-cohort 0.092 0.019
Leave-ICEBERG-out 0.399 1.000
Leave-PPMI-out 0.954 0.235

A comparison of the statistical significance of the differences between the hold-out predictive performance metrics for the optimized
comprehensive and refined models across cohorts. The p-values for the significance of the difference were calculated using DeLong’s test
for LID classification and the one-short nonparametric test for time-to-LID analysis. A p-value < 0.05 indicates a significant difference in
hold-out predictive performance between the two models.

The key predictors derived from the optimized comprehensive and refined models for LID classification
and time-to-LID analyses within each single cohort analysis, LuxPARK, PPMI, and ICEBERG, are detailed
in Table[4.5] These predictors, ranked by their average selection percentage during 5-fold cross-validation,
emphasize PD complication factors, with PD disease duration and age at PD onset at the top of the list.
The importance of these predictors lies in their ability to provide important insights into the predictive
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Figure 4.1 Comparison of cross-validated AUC scores for comprehensive LID classification models.
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Leave-PPMI-out A 076 4 0.93 4 097 4 062 A 053

A comparison of cross-validated AUC scores and probabilities of better predictive performance for the optimized comprehensive LID classification
model across cohort analyses. The upper part displays boxplots of the cross-validated AUC scores for each cohort, while the lower part shows
the probabilities of one cohort’s predictive performance being better than another’s. The arrows indicate higher probabilities of predictive
performance. They point towards the cohort with the higher probability of better performance for the optimized model.
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Figure 4.2 Comparison of cross-validated C-indices for comprehensive time-to-LID models.
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A comparison of cross-validated C-indices and probabilities of better predictive performance for the optimized comprehensive time-to-LID
model across cohort analyses. The upper part displays boxplots of the cross-validated C-indices for each cohort, while the lower part shows
the probabilities of one cohort’s predictive performance being better than another’s. The arrows indicate higher probabilities of predictive
performance. They point towards the cohort with the higher probability of better performance for the optimized model.
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modeling of LID and time-to-LID onset. They serve as fundamental indicators of LID onset in different
cohorts, highlighting their consistent relevance and importance across different analyses and cohorts.

4.4.2 Cross-cohort analyses

The predictive performance of the optimized LID classification and time-to-LID models was evaluated
using 5-fold cross-validation across cross-cohort and leave-one-cohort-out analyses. The results are
presented in Tables[4.6|and[4.7)for the comprehensive models and Tables[A.3|and[A.4|for the refined models.
The hold-out metrics, including precision, recall, F-score, accuracy, and balanced accuracy, showed
trends similar to those observed for AUC. Table [4.4] compares hold-out predictive performance (AUC/C-
index) between the optimized comprehensive and refined models in each cohort analysis, including the
corresponding p-values.

Across the multi-cohort analyses, the cross-cohort analysis of the optimized comprehensive LID
classification models showed robust predictive performance, with a mean cross-validated AUC of 0.682
(SD 0.080) and a hold-out AUC of 0.646 using 8 features. The CatBoost-optimized model performed better
than the optimized model regarding hold-out AUC and achieving higher precision and F-score values
above 0.70 while maintaining robust recall and accuracy. However, the leave-ICEBERG-out analysis
showed a slight increase in the average cross-validated area under the curve (AUC) to 0.699 (SD 0.016)
and a decline in the hold-out AUC to 0.513, highlighting the challenges in model generalization. The
highest hold-out AUC was 0.664, with the average cross-validated AUC of 0.691 (SD 0.052). Similarly,
the leave-PPMI-out analysis yielded an average cross-validated AUC of 0.690 (SD 0.040) and a hold-out
AUC of 0.582. Another optimized model achieved a higher hold-out AUC of 0.627, with an average
cross-validated AUC of 0.628 (SD 0.034), suggesting potential areas for improvement in the model when
excluding the PPMI cohort from training.

Regarding time-to-LID models, the optimized comprehensive analysis achieved a mean cross-validated
C-index of 0.718 (SD 0.052) and a hold-out C-index of 0.627 using 36 features in the cross-cohort analysis.
In contrast, the leave-ICEBERG-out analysis showed a reduced hold-out C-index of 0.531 with an average
cross-validated C-index of 0.701 (SD 0.056) and a more extensive feature set of 57, suggesting the potential
for overfitting. The model with a higher hold-out AUC, utilizing fewer predictive features, showed
a balance between cross-validated and hold-out performance, achieving an average cross-validated
AUC of 0.686 (SD 0.046) and hold-out AUC of 0.684. Conversely, the leave-PPMI-out analysis showed
an average cross-validated C-index of 0.719 (SD 0.029) and a competitive hold-out C-index of 0.655,
indicating better generalization capabilities.

The optimized refined LID classification models were examined using a cross-cohort analysis, which
yielded an average cross-validated AUC of 0.688 (SD 0.043) and a hold-out AUC of 0.639 using 5 features.
This indicates streamlined predictive power. DeLong’s test with a p-value of 0.092 showed no significant
difference in hold-out predictive performance compared to the comprehensive LID classification model.
However, the leave-ICEBERG-out approach slightly reduced the hold-out AUC to 0.534 with 6 features
and an average cross-validated AUC of 0.692 (SD 0.021), indicating that challenges remain in excluding
ICEBERG data from training. The leave-PPMI-out approach yielded a mean cross-validated AUC of
0.679 (SD 0.033) and a hold-out AUC of 0.599 with 9 features. DeLong’s test indicated non-significant
p-values of 0.399 for the leave-ICEBERG-out analysis and 0.954 for the leave-PPMI-out analysis.

Similarly, the refined time-to-LID models showed comparable performance in the cross-cohort
analysis, with an average cross-validated C-index of 0.715 (SD 0.054) and a hold-out C-index of 0.685. The
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one-shot nonparametric test yielded a significant p-value of 0.019 for the cross-cohort analysis, indicating
a significant difference in hold-out predictive performance between the optimized comprehensive and
refined models. However, leave-ICEBERG-out or leave-PPMI-out resulted in lower hold-out C-index
values (0.531 and 0.634, respectively), suggesting potential challenges in generalizing time-to-LID models
were tested across diverse cohorts with no significant difference to the comprehensive model (p-values
of 1.000 for leave-ICEBERG-out and 0.235 for leave-PPMI-out analysis).

The Bayesian signed-rank tests offer valuable insights into the cross-validated performance of
models across different analyses. Figures[4.1|and[A.1]illustrate the comparisons for comprehensive and
refined LID classification. The cross-cohort model consistently performed superior to single cohort
analyses, with probabilities exceeding 0.8. However, it showed slightly inferior performance compared
to the LuxPARK cohort, with moderate probabilities of 0.67 and 0.62 for the optimized comprehensive and
refined models. This indicates the model’s effectiveness in cross-cohort analysis, particularly its superior
performance when compared to optimized models, specifically from the PPMI and ICEBERG cohorts.

Similarly, the cross-cohort analysis showed a competitive advantage in time-to-LID models illustrated
in Figures [4.2)and[A.2] It showed probabilities ranging from 0.76 to 1.00 in superiority over single cohort
models, indicating reliable and consistent predictive capabilities across varied cohorts. Notably, the
optimized model from the cross-cohort analysis also outperformed the leave-one-cohort-out analysis
with probabilities of 0.76 and above. However, the optimized model from the leave-PPMI-out analysis
showed superiority over the cross-cohort model with a probability of 0.78 for comprehensive time-to-LID
models. These findings highlight the robustness of the cross-cohort approach in capturing diverse
dataset characteristics and ensuring generalizable predictive performance across different cohorts or
datasets.

The stability analysis across cohort scenarios, particularly in cross-cohort comparisons, clarifies the
robustness of predictive models. In comprehensive LID classification (Figure[A.3), numerous algorithms
showed notably higher stability in multi-cohort analyses than in single-cohort analyses. This trend
extended to refined LID classification (Figure and time-to-LID models (Figures and[A.6), where
stable performances were consistently observed across multi-cohort analyses. These findings highlight
the reliability of the models, which is important for their practical application across diverse cohorts.
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Table 4.6 Predictive performance metrics for comprehensive LID classification in multi-cohort analyses.

Algorithm CrI(:lssl-(ci(_)hort'\lumber Leave-lll(;lligE RG-r\(j):;ber Leav:;ligf\dl-o;tumber
I\(/\selz)x)n out of I\(Aseg)n out of I\(/lseS;I out of
AUC features AUC features AUC features
AdaBoost (g:ggg) 0.646 8(14) (3.'3?2') 0.664 4(7) (g:gg;) 0.528 4(5)
CART (gf)g;) 0.647 4(7) (8:317;) 0.535 2 (4) (8:(6);13) 0.518 15 (21)
CatBoost (3,'32 ) 0.702 9(17) (8,}6)3;) 0.600 18 (27) (8:(6);2) 0.626 8 (18)
Ca.5 (g:ﬁ’:) 0.664 5(9) (g:ggz) 0.535 2(4) (g:gjj) 0.627 1(3)
FIGS (g:ggg) 0.673 3(5) (g:gzg) 0.606 9 (20) (8:3219) 0.594 9 (20)
282 'SDST_ (8:32421) 0.613 42 (59) (g:g:‘g) 0.547 38 (53) (8:(6)3(3)) 0.542 27 (43)
GBoost (g:ggj) 0.672 5(5) (g:g?z) 0.513 15 (26) (8:3471(2)) 0.619 14 (21)
HS (g:ggg) 0.664 2(3) (g:gzs) 0.606 9 (20) (gzgg?) 0.594 9 (20)
XGBoost (g:ggi) 0.632 52 (66) (g:gzg) 0.631 35 (64) (8:(6123) 0.582 58 (74)

An overview of the comprehensive LID prognostic classification’s predictive performance statistics summarizes the comprehensive LID
prognostic classification’s predictive performance statistics in multi-cohort analyses. The optimized models are listed with cross-validated and
hold-out AUC values and the corresponding number of features used in each optimized model. Models with the highest average AUC scores
in the cross-validation of the cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in italics.
The column labeled ‘Number of features’ displays the number of features selected during nested cross-validation. The number in front of the
brackets indicates the number of selected predictive features in the cross-validation determined through permutation importance analysis.
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Table 4.7 Predictive performance metrics for comprehensive time-to-LID in multi-cohort analyses.

Algorithm Cross-cohort Leave-ICEBERG-out Leave-PPMI-out
Mean Hold- Number Mean Hold- Number Mean Hold- Number
(SD) out of (SD) out of (SD) out of
C-index features C-index features C-index features
CW- 0.712 0.696 0.702
CBoost (0.045) 0.673 14 (25) (0.049) 0.639 13 (23) 0022) 0.613 10 (16)
Extra Sur- 0.704 0.698 0.696
vival (0.045) 0.667 160 (161) (0.050) 0.605 160 (161) 0.049) 0.651 12 (12)
Survival 0.704 0.686 0.719
CBoost (0.061) 0.661 24 (49) ©o15) %68 11(21) (©0.029) %653 13 (22)
0.718 0.681 0.701
LSVM ©0o0s2) %7 36 (36) (0.048) 0.547 52 (52) (0.025) 0.639 147 (147)
0.701 0.681 0.705
NLSVM (0.068) 0.652 52 (52) 0.052) 0.681 56 (56) ©o1e) %66 36 (36)
Penalized 0.692 0.701 0.691
Cox (0.055) 0.666 28 (28) ©o0se)  *53 57 (96) 0077) 0.551 1(32)
. 0.705 0.701 0.689
Survival RF (0053 0682 134 (139) (0.048) 0.612 104 (136) 0036) 0.663 116 (122)
Survival 0.649 0.661 0.654
Trees 0.078) 0.646 8(13) 0.042) 0.491 13 (16) 0.048) 0.512 11(17)

An overview of the comprehensive time-to-LID predictive performance statistics summarizes the comprehensive time-to-LID predictive
performance statistics in multi-cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the
corresponding number of features used in each optimized model. Models with the highest average C-index in the cross-validation of the
cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in italics. The column labeled ‘Number
of features’ displays the number of features selected during nested cross-validation. The number in front of the brackets indicates the number
of selected predictive features in the cross-validation determined through permutation importance analysis.

4.4.3 Differences between clinical features across cohorts

Significant differences were observed across cohorts in critical aspects of PD progression and symp-
tomatology, as shown in Table Firstly, the LuxPARK cohort showed a significantly longer average
PD disease duration than the PPMI and ICEBERG cohorts, with differences of 6.7 years and 7.3 years,
respectively. About the age of PD onset, LuxPARK showed a significantly younger average age of onset
compared to PPMI and ICEBERG, with differences of 3.1 years and 5.2 years, respectively. Furthermore,
analyzing motor and non-motor symptom severities using established metrics such as MDS-UPDRS
Parts I to IIT and SCOPA-AUT scores revealed significant differences among the cohorts. The LuxPARK
and ICEBERG cohorts showed significantly more severe motor and non-motor symptoms than the PPMI
cohort. These distinctions highlight the heterogeneity in disease manifestation and symptomatology
across the cohorts.

4.4.4 Comparative evaluation of cross-study integration methods

An assessment of normalized and unnormalized optimized models for comprehensive and refined LID
classification and time-to-LID models aims to determine if cross-study normalization can improve
hold-out predictive performance. These comparative findings are detailed in Table Across both
comprehensive and refined LID classification analyses, DeLong’s test p-values indicate that there are no
statistically significant differences in hold-out AUC between the optimized models with and without
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Table 4.8 Comparative analysis of baseline features mean differences across cohorts in LID analysis.

LuxPARK vs. LuxPARK vs. PPMI vs.
Predictors PPMI ICEBERG ICEBERG p-values
(p-values) (p-values) (p-values)
Age of onset -3.08 (7.82E-04) -5.22 (4.06E-05) -2.14 (0.120) 7.29E-06
Disease duration 6.71 (4.86E-76) 7.33 (3.73E-43) 0.62 (0.168) 3.86E-87
Weight (kg) -0.01 (1.000) 4.44 (0.078) 4.46 (0.057) 5.26E-02
Height (cm) -1.66 (0.070) -1.55 (0.500) 0.10 (1.000) 6.50E-02
BMI (kg/m?) 0.52 (0.237) 2.03 (2.97E-04) 1.51 (0.013) 4.86E-04
MDS-UPDRS Part | score 8.31 (8.49E-83) 1.88 (1.000) -6.43 (3.43E-33) 2.02E-92
MDS-UPDRS Part Il score 5.89 (5.30E-34) 4.26 (1.79E-04) -1.63 (1.68E-04) 2.24E-33
MDS-UPDRS Part 111 (ON) score 16.71 (5.65E-30) 7.21 (0.002) -9.50 (1.24E-08) 2.09E-29
SCOPA-AUT total score 10.51 (3.91E-93) 3.24 (0.021) -7.27 (2.98E-27) 1.31E-98

A comparative analysis of the mean differences for baseline features across the LuxPARK, PPMI, and ICEBERG cohorts. The p-values indicated
statistically significant differences in the average of the predictors between specific cohort pairs, providing insights into cohort-specific
variations in predictor distributions in LID analysis.

normalization, regardless of the analysis, including cross-cohort, leave-ICEBERG-out, and leave-PPMI-
out.

About time-to-LID models, the results from one-shot nonparametric tests for hold-out C-index
mirror the patterns observed in LID classification analyses. The ratio-A normalization technique has
significantly improved hold-out performance, particularly in the leave-PPMI-out analysis (see Table
[4.10). While not all normalized optimized models showed notable superiority over their unnormalized
counterparts, there is still improvement in hold-out performance. These findings show the potential of
cross-study normalization techniques on model efficacy across multi-cohort analyses.

4.4.5 Associations between clinical features and dyskinesia outcome

The cross-cohort analysis identified the most significant predictors for LID using permutation importance
across optimized comprehensive and refined models for LID classification and time-to-LID analysis.
Disease duration emerged as the most significant predictor, consistently ranking highest across models.
Other significant predictors included motor fluctuations, levodopa medication intake, and selective axial
symptoms, all of which contributed substantially to the prediction models (see Table [4.11).

Across both the comprehensive and refined LID classification models (Figures and[A7), key
predictors such as disease duration, motor fluctuation, tremor, age of onset, and body weight consistently
emerge as influential features. Additional predictors like levodopa treatment, PD disease severity,
rigidity at the lower extremities, thermoregulatory, axial symptoms, and BMI collectively contribute to
understanding the complexity of LID development and classification.

Similarly, in the time-to-LID models (Figures[4.4and[A.8), key predictors include motor symptoms
(tremor, bradykinesia), rigidity, visuospatial ability (Benton Judgment of Line Orientation (JLO)), age of
PD onset, and freezing of gait. These predictors, in conjunction with more subtle predictors such as
non-motor symptoms (hygiene, depressed moods, apathy, gastrointestinal), levodopa treatment, GBA
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mutation, motor fluctuation, PD disease duration, axial symptom, and motor severity (MDS-UPDRS Part
III), provide insight into the temporal dynamics of LID onset.

Specific predictors, such as motor fluctuation, PD disease duration, age of PD onset, and specific
motor and non-motor symptom scores, consistently feature across multiple models. This highlights
their robust influence on both LID classification and time-to-LID analyses. These findings highlight the
multifactorial nature of LID and emphasize the importance of considering both motor and non-motor
aspects in predictive modeling for LID onset.

Some predictors emerge as particularly noteworthy in the single cohort analyses, particularly in the
optimized comprehensive LID classification model for the LuxPARK cohort, which achieved a higher
hold-out AUC of 0.678 (see Table [4.2), and in the optimized comprehensive time-to-LID model for the
PPMI cohort, which displayed a higher hold-out C-index of 0.663 (see Table across single cohort
analyses. Noteworthy motor symptoms, including motor fluctuation, bradykinesia, tremor, rigidity, and
gait freezing, significantly influence the optimized LID classification model derived from the LuxPARK
analysis, as illustrated in Figure [A.9]In the optimized time-to-LID model derived from the PPMI analysis,
levodopa treatment and axial symptoms emerge as the top predictors, as shown in Figure[A.10] Moreover,
predictors such as the age of PD onset, PD disease duration, gastrointestinal symptoms, and Benton JLO
scores are significant in both models, indicating their consistent influence across LID classification and
time-to-LID analyses.

A potential association was observed between cardiovascular autonomic dysfunction and the onset
of LID. While no statistically significant difference was found based on the log-rank test (p-value = 0.773),
PD patients without cardiovascular autonomic dysfunction showed a heightened risk of developing LID
starting around year 5, as depicted in Figure The observed association may be attributed to the
overlapping distribution in the Kaplan-Meier (KM) plot.

While a positive relationship between visuospatial ability, as measured by Benton JLO, and LID
onset may be evident in the SHAP values plot shown in Figure further analysis within the PPMI
cohort reveals a different pattern of results. This apparent positive relationship may be influenced by the
overlapping distributions observed in the KM plot shown in Figure specifically within the PPMI
cohort. This overlap suggests that the predictive power of visuospatial ability, measured by Benton JLO,
regarding time-to-LID onset, may be more complex than initially perceived.

Table [4.12| presents the hazard ratios (HR) and their corresponding 95% confidence intervals (Cls)
for predictors in the comprehensive time-to-LID model within the cross-cohort analysis, as illustrated in
Figure Among the significant predictors, levodopa treatment stands out with a significant hazard
ratio of 1.38 (95% CI 1.14, 1.68), indicating a positive association with the time to LID onset. Notably,
there is a significant difference in the time-to-LID distributions for patients with and without baseline
levodopa treatment (p-values 0.013). Approximately 50% of levodopa-treated PD patients experienced
LID symptoms within 3.37 years from the baseline, highlighting this treatment factor’s clinical impact.

Conversely, the age of PD onset at or above 66 years shows a protective effect against LID develop-
ment, as evidenced by a HR of 0.84 (95% CI 0.73, 0.97). Furthermore, rigidity at the lower extremities
shows a significant HR of 1.27 (95% CI 1.08, 1.52), indicating its role as a predictor for accelerated LID
onset. While predictors such as freezing of gait and Benton JLO show HRs close to 1, indicating relatively
weaker associations with time-to-LID onset, their significance based on the log-rank test highlights
significant differences in LID onset among patient subgroups. These insights contribute to a more
nuanced understanding of the multifactorial nature of LID development in PD.
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Table 4.9 Significance testing of hold-out predictive metrics between normalized and unnormalized models for
LID in multi-cohort analyses.

Comprehensive model Refined model

Cohort Normalizefl Vs. Cross-t}ohc?rt Normalize.d Vs. Cross-fohc.)rt

Unnormalized normalization Unnormalized normalization
LID classification:
Cross-cohort 0.912 Mean-centering 0.683 Quantile
Leave-ICEBERG-out 0.549 M-ComBat 0.981 Mean
Leave-PPMI-out 0.96 Ratio-A 0.719 Ratio-A
Time-to-LID:
Cross-cohort 0.096 Standardize 0.527 Mean
Leave-ICEBERG-out 0.298 Quantile 0.867 Quantile
Leave-PPMI-out 0.019 Ratio-A 0.955 Mean

A comparison of the statistical significance of the differences between the hold-out predictive performance metrics for the optimized
comprehensive and refined models across cohorts. The p-values for the significance of the difference were calculated using DeLong’s test
for LID classification and the one-short nonparametric test for time-to-LID analysis. A p-value < 0.05 indicates a significant difference in
hold-out predictive performance between the two models. The normalization method used on the optimized model is indicated in the column
“Normalization”.

Figure 4.3 SHAP values plot for the optimized comprehensive LID classification model in cross-cohort analysis.

High
Disease duration - oo *— » . M
Motor fluctuation composite score oo ¢ wnmum 0o ‘ * e @ apeomuse m——
Tremor score s * *-’”
(Y]
3
Levodopa treatment @ ‘ *s [ E
(]
Age of onset g ‘ [ S 2
&
Hoehn & Yahr stage (Stage 1) Lt ———— h
Rigidity lower extremities score bl “ *‘ e ond
Weight (kg) o . PQ
T T T T T T Low
-0.4 -0.2 0.0 0.2 0.4 0.6

SHAP value (impact on model output)

No dyskinesia Dyskinesia

SHAP value plot displaying the top predictors for the optimized comprehensive model in cross-cohort LID prognostic classification. The plot
shows the magnitude and direction (positive or negative) of each feature’s influence on LID prognosis status as output.
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Table 4.10 Predictive performance metrics between normalized and unnormalized models for LID in multi-
cohort analyses.

Cross-cohort Leave-ICEBERG-out Leave-PPMI-out
Mean Hold- Number Mean Hold- Number Mean Hold- Number
(SD) out of (SD) out of (SD) out of
AUC features AUC features AUC features
LID classification: Comprehensive model
. 0.682 0.699 0.685
Normalized | /ot 0661 500 | gog 0913 1506 | 005) 0% 34 (65)
. 0.682 0.683 0.69
Unnormalized (0.08) 0.646 8 (14) (0.038) 0.603 9(17) (0.04) 0.582 58 (74)
LID classification: Refined model
. 0.654 0.692 0.679
Normalized 0030) 612 17 (27) 0oy 053 6 (15) 0033 5% 9 (20)
. 0.688 0.662 0.669
Unnormalized (0.043) 0.639 5(9) (0.047) 0.548 8(12) (0.045) 0.557 58 (84)
Mean Hold- Number Mean Hold- Number Mean Hold- Number
(SD) out of (SD) out of (SD) out of
C-index features C-index features C-index features
Time-to-LID: Comprehensive model
. 0.718 0.701 0.719
Normalized (0.052) 0.627 36 (36) (0.056) 0.531 57 (96) (0.029) 0.655 13(22)
. 0.700 0.687 0.702
Unnormalized 004 %66 14 (24) 0047 058 154 (156) 0022 %613 10 (16)
Time-to-LID: Refined model
. 0.715 0.695 0.687
Normalized 005 %685 106 (131) 0o 53 50 (80) 0037 063 95 (119)
. 0.694 0.687 0.680
Unnormalized (0.059) 0.677 111 (134) (0.044) 0.542 158 (160) (0.026) 0.635 110 (115)

Assessment of the predictive performance of comprehensive and refined prognostic models for LID, including classification and time-to-LID
analyses. The evaluation includes cross-validated and hold-out AUC or C-index calculations for both normalized and unnormalized models,
as well as a detailed examination of the number of features used in each model. The column labeled ‘Number of features’ displays the number
of features selected during nested cross-validation. The number in front of the brackets indicates the number of selected predictive features
in the cross-validation determined through permutation importance analysis.
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Table 4.11  Top 10 predictors for LID prognosis in cross-cohort analysis.

Predictors Average ranks
Disease duration 1.33
Motor fluctuation composite score 1.67
Levodopa treatment 2.50
Selective axial symptoms 4.00
Tremor 5.33
MDS-UPDRS Part Il score (ON) 6.00
Age of onset 6.25
Rigidity lower extremities score 6.67
Weight (kg) 8.67
Benton Judgment of Line Orientation 9.00

A list of predictors for LID prognosis that received the top 10 average ranks in the cross-cohort analysis, using a ranking by permutation
importance across the optimized comprehensive and refined models for LID classification and time-to-LID analysis. The final rank reflects the
average from non-missing ranks across the optimized models in the cross-cohort analysis.

Figure 4.4 SHAP values plot for the optimized comprehensive time-to-LID model in cross-cohort analysis.
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MDS-UPDRS Il - Hygiene (Normal)
MDS-UPDRS Il - Hygiene (Slight) ]
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Tremor score . . e o @eeccesecmmp

MDS-UPDRS Il - Hygiene (Mild) .

Bradykinesia score
MDS-UPDRS | - Depressed moods (Slight)
Rigidity lower extremities score
Benton Judgment of Line Orientation score
GBA mutation
Age of onset
Freezing of gait
MDS-UPDRS I - Tremor (Mild)
MDS-UPDRS | - Apathy (Normal)
Initial motor symptom - Rigidity or bradykinesia
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T T t T Low
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SHAP value plot displaying the top 15 predictors for the optimized comprehensive model in cross-cohort time-to-LID analysis. The plot shows
the magnitude and direction (positive or negative) of each feature’s influence on time-to-LID as output.
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The HR for bradykinesia in the comprehensive time-to-LID model is 0.92 (95% CI 0.78, 1.07), indicating
a relatively weak association with the time-to-LID onset. Notably, within this analysis, individuals with
bradykinesia scores of less than 20 appear to have a slightly higher risk of LID onset than those with
scores of 20 or greater. However, this difference is not statistically significant. This trend is reflected in
the KM plot in Figure[A.13] where the LID onset curves for these two subgroups show noticeable overlap,
particularly at year 1 and year 5. Nevertheless, the HR approaching 1 indicates that the distinction
between these bradykinesia subgroups in predicting LID onset may be insignificant.

The results of the correlation analysis, which detail the direction and strength of the relationships
between predictors and the outcome of LID, are presented in Table Table provides further
insight into the correlations between predictors, outlining positive or negative associations. Positive
correlations suggest that variables tend to increase together, which may be associated with an increased
risk of LID onset. Conversely, negative correlations indicate that variables increase in opposite directions,
which may be associated with a reduced risk of LID. These findings contribute substantially to our
understanding of the complex interplay between LID risk factors.

The analysis of levodopa equivalent daily dose (LEDD) revealed significant differences between
PD patients with and without LID, as shown in Table The average LEDD for patients without
LID (LID-) was 580.7mg (SD 306.71), whereas for patients with LID (LID+), it was significantly higher
at 790.8mg (SD 397.99). The p-value from the significance test comparing these groups indicates a
statistically significant difference.

Further analysis examined the time-to-LID based on LEDD levels. For PD patients with LEDD
<400mg, the average time-to-LID was 2.8 years (SD 2.02), while for those with LEDD >400mg, the
average time-to-LID was shorter, at 1.9 years (SD 1.95), indicating a statistically significant difference in
the time-to-LID based on LEDD levels. These results showed the impact of higher LEDD on the earlier
occurrence of LID in PD patients.

4.4.6 Assessment of clinical utility and calibration

The analysis of the AUNBC for comprehensive LID classification, illustrated in the bar plot in Figure
indicates that the optimized model trained using CatBoost achieved a larger area under the net
benefit curve than other ML methods. Nevertheless, the observed differences in the AUNBC among
these methods were not statistically significant.

For the refined LID classification, the bar plot in Figure shows that the CatBoost-optimized
model once again achieved the larger AUNBC among the compared methods. In this case, the CatBoost
model showed a statistically significant difference in the area under the net benefit curve compared
to the optimized models by C4.5 and GOSDT-GUESSES. Furthermore, the C4.5 and GOSDT-GUESSES
models showed larger areas of net benefit at negative values and smaller areas than the “treat all” model
(which assumes that all patients receive the intervention regardless of their predicted risk), further
emphasizing the superior performance of the CatBoost-optimized model. Moreover, CatBoost shows a
calibration slope closer to 1 and a lower MSE for predicted probabilities versus observed LID outcomes,
as shown in Table (left side).

Figure [4.6| presents a bar plot that illustrates the AUNBC of the optimized models for comprehensive
time-to-LID models. The penalized Cox method-trained model showed the highest AUNBC, with a
hold-out C-index of 0.67. The CW-GBoost model follows with a hold-out C-index of 0.67 and shows a
statistically significant superiority in clinical utility compared to the optimized NLSVM model. Table

53



Table 4.12 Median conversion times and hazard ratios for comprehensive time-to-LID in cross-cohort analysis.

Predictors Hazard Ratio Median Conversion Log-rank
(95% CI) (95% CI) (p-values)

MDS-UPDRS II - Hygiene (Normal)

Yes 0.89 (0.05, 6.11) 4.68 (4.19, 5.22) 0.692

No 4.60 (3.05, 5.52)

MDS-UPDRS II - Hygiene (Slight)

Yes 0.83 (0.04, 5.84) 4.76 (3.22, 5.77) 0.731

No 4.52 (4.05, 5.04)

Levodopa treatment

Yes 1.38 (1.14, 1.68) 3.37 (.71, 4.99) 0.013

No 5.04 (4.4, 5.76)

Tremor score

>3 1.25 (0.90, 1.77) 4.76 (4.19, 5.22) 0.057

<3 2.34 (1.42, NR)

MDS-UPDRS Il - Hygiene (Mild)

Yes 1.08 (0.06, 7.33) 2.23 (1.09, 4.61) 0.080

No 4.76 (4.05, 5.09)

Bradykinesia score

> 20 0.92 (0.78, 1.07) 3.37 (1.38, NR) 0.329

< 20 4.68 (4.19, 5.09)

MDS-UPDRS | - Depressed moods (Slight)

Yes 1.05 (0.86, 1.3) 4.61 (3.64, 5.76) 0.595

No 4.60 (3.77, 5.22)

Rigidity lower extremities score

>1 1.27 (1.08, 1.52) 4.19 (3.43, 4.76) 0.001

<1 NR (5.02, NR)

Benton Judgment of Line Orientation score

> 16 0.91 (0.80, 1.02) NR (4.99, NR) 3.18E-04

<16 4.19 (3.52, 4.76)

GBA mutation

Yes 1.09 (0.83, 1.45) 5.52(1.84,5.92) 0.801

No 4.60 (4.00, 5.02)

Age of onset

> 66 0.84 (0.73, 0.97) 5.60 (4.28, 5.84) 0.043

< 66 4.19 (3.37, 4.76)

Freezing of gait

>1 1.16 (0.96, 1.46) 3.05 (2.00, 4.19) 0.014

<1 4.86 (4.28, 5.52)

MDS-UPDRS II - Tremor (Mild)

Yes 1.29 (0.97, 1.68) 4.28 (3.05, 5.01) 0.179

No 4.76 (3.92, 5.60)

MDS-UPDRS I - Apathy (Normal)

Yes 0.95 (0.75, 1.19) 4.86 (4.19, 5.52) 0.255

No 3.85 (2.92, 4.76)

Initial motor symptom - Rigidity or bradykinesia

Yes 1.14 (0.92, 1.38) 4.28 (3.68, 4.86) 0.093

No 5.04 (4.05, 5.92)

Summary of the hazard ratio (HR), median conversion time with 95% confidence interval (Cl), and p-values from the log-rank test for the
top 15 predictors identified in the time-to-LID model in the cross-cohort analysis. The HR provides insights into the risk associated with
each predictor, while the median conversion time and log-rank test assess Kaplan-Meier (KM) curve differences between groups. “NR” (not
reached) indicates that the LID event did not occur for some participants during the study period.
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Table 4.13 Correlation between predictors and LID outcomes in cross-cohort analysis.

Predictors Correlation p-values
Age of onset -0.22 4.33E-12
Disease duration 0.34 2.45E-27
Levodopa treatment 0.41 2.57E-38
Weight (kg) -0.09 4.73E-03
Height (cm) -0.13 4.84E-05
BMI (kg/m?) -0.02 5.49E-01
Benton Judgment of Line Orientation -0.21 6.87E-10
Hoehn & Yahr stage 0.26 1.15E-16
Axial symptoms 0.34 9.79E-27
Selective axial symptoms 0.26 2.14E-16
Motor fluctuation composite score 0.38 1.97E-23
Freezing of gait 0.28 5.84E-19
Rest tremor -0.08 6.75E-02
Tremor -0.10 1.85E-02
Bradykinesia 0.14 9.21E-04
Rigidity lower extremities 0.13 1.35E-03
Rigidity upper extremities 0.03 5.28E-01
Initial motor symptom - Rigidity or bradykinesia 0.02 4.89E-01
Modified Schwab & England ADL -0.26 1.51E-10
MDS-UPDRS Part | score 0.30 3.05E-21
MDS-UPDRS Part Il score 0.36 2.51E-30
MDS-UPDRS Part 11l score (ON) 0.11 8.52E-03
MDS-UPDRS | - Apathy 0.18 1.46E-08
MDS-UPDRS I - Depressed moods 0.17 1.67E-07
MDS-UPDRS | - Sleep problems (night) 0.23 1.18E-12
MDS-UPDRS I - Urinary problems 0.11 4.49E-04
MDS-UPDRS Il - Freezing 0.32 3.23E-23
MDS-UPDRS II - Hygiene 0.20 1.25E-09
MDS-UPDRS Il - Saliva and drooling 0.15 3.25E-06
MDS-UPDRS Il - Tremor 0.02 4.50E-01
SCOPA-AUT Gastrointestinal (GI) 0.28 5.60E-19
SCOPA-AUT Cardiovascular 0.27 3.85E-17
SCOPA-AUT Urinary 0.17 3.62E-07
GBA mutation 0.06 1.10E-01

The correlation of predictors with LID outcome was measured using the point biserial correlation for continuous or ordinal predictors and the
Matthews Correlation Coefficient (MCC) for the binary predictor.
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Table 4.15 Summary statistics for Levodopa Equivalent Daily Dose (LEDD) among PD patients with and

without LID.
Slgn;flctance LEDD LEDD Log-rank test
.. _ es
Statistics LID LID+ (p-values) <400mg >400mg (p-values)
n 93 192 5.25E-06 56 229 3.14E-03
Mean (SD) 580.7 (306.71) 790.8 (397.99) 2.8 (2.02) 1.9 (1.95)

The statistical significance of these differences is indicated by p-values from t-tests (for normally distributed data) or Mann-Whitney U-tests
(for non-normally distributed data). Additionally, the table presents time-to-LID statistics for PD patients with LEDD <400mg and LEDD

>400mg, along with p-values from log-rank tests comparing these two groups.

Figure 4.5 Bar plot of the area under the positive net benefit curve for the optimized comprehensive LID

classification
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The bar plot shows the area under the positive net benefit for different cross-cohort comprehensive LID classification models. The lines indicate
significant differences in the net benefit area across models. Blue bars represent models with a larger positive net benefit area than the negative
net benefit, while red bars indicate the opposite. The numbers within the bars show the difference in the net benefit area between each model
and the ‘all intervention’ baseline. Upward arrows (1) signify a larger area than ‘all intervention’, while downward arrows () indicate a

smaller area.
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Figure 4.6 Bar plot of the area under the positive net benefit curve for the optimized comprehensive time-to-LID
models in cross-cohort analysis.
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The bar plot shows the area under the positive net benefit for different cross-cohort comprehensive time-to-LID models. The lines indicate
significant differences in the net benefit area across models. Blue bars represent models with a larger positive net benefit area than the negative
net benefit, while red bars indicate the opposite. The numbers within the bars show the difference in the net benefit area between each model
and the ‘all intervention’ baseline. Upward arrows (1) signify a larger area than ‘all intervention’, while downward arrows ({) indicate a
smaller area.

Table 4.16 Calibration analysis for LID classification and time-to-LID analyses.

LID classification Time-to-LID

Algorithm Comprehensive Refined Algorithm Comprehensive Refined

Slope MSE | Slope | MSE Slope MSE | Slope | MSE
AdaBoost 4.85 0.23 2.01 0.22 CW-GBoost 0.48 0.03 0.39 0.03
CART 0.52 0.23 0.58 0.21 Extra Survival 0.44 0.03 0.48 0.03
CatBoost 0.70 0.20 0.67 0.20 Survival GBoost 0.26 0.05 0.29 0.05
C4.5 0.29 0.33 0.20 0.34 LSVM 0.38 0.08 0.56 0.07
FIGS 0.63 0.20 0.59 0.21 NLSVM 0.59 0.02 0.72 0.02
GOSDT-GUESSES 0.21 0.37 0.10 0.41 Penalized Cox 0.27 0.11 0.36 0.04
GBoost 6.65 0.24 1.22 0.21 Survival RF 0.43 0.03 0.51 0.02
HS 0.63 0.22 0.59 0.21 Survival Trees 0.22 0.06 0.14 0.15
XGBoost 0.37 0.26 0.50 0.22

Calibration analysis for comprehensive and refined models in both LID classification and time-to-LID analysis for cross-cohort analysis.
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(right side) shows that although the NLSVM model has a calibration slope closer to 1, it shows
significantly lower clinical utility than the CW-GBoost model. However, The CW-GBoost model has the
second-closest calibration slope of 1 among the compared models.

The bar plot in Figure displays the AUNBC of the optimized models for refined time-to-LID
models. The Extra Survival Tree model achieved the highest AUNBC, with a hold-out C-index of 0.68.
Subsequently, the Survival RF model achieved a hold-out C-index of 0.685. The NLSVM model shows
the highest calibration in the refined time-to-LID model and a lower MSE. No statistically significant
difference exists in the area under the net benefits among these models.

4.5 Discussion

Predicting the onset of LID in PD patients is challenging due to inter-individual heterogeneity and
the many factors influencing disease progression. These challenges are further complicated in cross-
cohort studies, where differences in study populations and data collection methods introduce additional
variability. Recent advancements in modeling PD progression, such as the statistical progression model
in Severson et al. (2021) [155] using contrastive latent variable and personalized input-output hidden
Markov models, have highlighted the importance of capturing intra- and inter-individual variability in
disease trajectories. While the efficacy of their approach in identifying disease states and assessing their
clinical relevance across motor and cognitive outcomes is well-documented, it is less applicable to the
cross-cohort prediction of specific complications like LID.

Our study has made significant advances in the field of LID prognosis by addressing the limitations
of previous research. Previous studies primarily focused on single-cohort analyses [132} |156, |157,
158]], which limit the generalizability of predictive models to specific patient populations. In contrast,
our study incorporated cross-cohort analysis to evaluate multivariable ML models under single- and
multi-cohort settings. This approach enabled a more comprehensive examination of LID prediction.
This comprehensive approach included LID classification within four years and time-to-LID analysis,
providing a multifaceted understanding of this PD complication.

The cross-cohort models showed competitive predictive performance, achieving greater robustness
and generalizability compared to single-cohort studies. These findings highlight the importance of
considering study heterogeneity in developing prediction models that are broadly applicable across
diverse patient populations and clinical settings. By mitigating cohort-specific biases and improving
predictive reliability, our study emphasizes the value of cross-cohort analysis as a foundation of ML
applications in LID prognosis.

Furthermore, our study compared various approaches for model building, feature selection, and
cross-study normalization to inform the design of future predictive approaches. Utilizing a two-level CV
framework, we ensured that our findings reflect predictive accuracy and methodological robustness.
This methodological approach provides practical guidance on selecting the most effective predictive
framework for the study, balancing computational integrity with real-world applicability.

4.5.1 Comparative evaluation of predictive models

A comparison of the results across cohorts revealed significant differences in predictive performance.
LuxPARK demonstrated consistent superiority in cross-validated performance for LID classification and
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time-to-LID analysis. This superiority is probably due to its larger sample size and more heterogeneous
patient population, which resulted in a more comprehensive representation of disease variability and
improved the model’s capability to generalize across diverse subpopulations. In contrast, the smaller
sample size and shorter average disease durations in ICEBERG limited the model’s capability to capture
long-term predictive patterns, resulting in lower performance in these datasets. This observation
highlights the role of cohort size and population diversity in model development and prediction accuracy.

To identify additional predictive features associated with LID development, we also considered
excluding baseline dyskinesia and levodopa medication use, two well-established predictors of LID. The
refined models showed hold-out performance that differed from the comprehensive models yet achieved
significant predictive performance. This finding suggests that the refined model may reveal subtle,
previously under-explored relationships among predictors, offering more profound insights into disease
mechanisms.

Furthermore, cross-cohort integrative analyses were compared with single-cohort analyses, which
revealed significant advantages. Cross-cohort models demonstrated superior predictive capabilities for
both LID prognosis and time-to-LID analysis, accompanied by greater stability of prediction outcomes
across CV cycles. This consistency highlights the ability of cross-cohort approaches to mitigate biases
inherent in single-cohort models. Such biases may include overfitting to specific cohort characteristics
or failing to account for inter-cohort variability. By pooling data from diverse populations, cross-cohort
models increase statistical power and enable the detection of patterns that might be masked in smaller,
more homogenous datasets. This integrative approach is particularly valuable for addressing data
variability, demographic variation, and differences in clinical protocols across cohorts.

In general, cross-cohort integrative models have proven to be a reliable methodology for predicting
LID in PD, offering increased applicability across a range of patient demographics. These findings
emphasize the necessity of using multi-cohort approach to improve predictive models’ reliability and
generalizability. Future studies could expand these approaches by incorporating additional data types,
such as genetic or imaging biomarkers [[159], to improve the predictive capability of cross-cohort models
further and gain deeper mechanistic insights into LID development.

4.5.2 Interpretation of models and predictors

The analyses identified several clinically relevant predictors, enhancing our understanding of PD’s LID
development. Notably, the administration of levodopa emerged as a key predictor due to its association
with LID, a common side effect of levodopa treatment [[19]. The hazard ratio of 1.38 for LID onset
about levodopa suggests that PD patients receiving levodopa have a 38% higher risk of developing
LID compared to those not receiving levodopa at baseline visits. This finding emphasizes the intricate
relationship between levodopa treatment and dyskinesia onset, underscoring the need for vigilant
monitoring and management in clinical practice.

Previous studies have identified LEDD as a significant predictor of LID [35}|131}|137,|141]]. However,
the lack of complete and consistent LEDD data for two cohorts limited our ability to include levodopa
dosage in our predictive model. To address this, we performed a statistical analysis within the LuxPARK
cohort to examine the relationship between LEDD and LID. The analysis showed that patients with LID
showed significantly higher levels of LEDD than those without LID within four years. This highlights the
association between increased dopaminergic therapy and the development of dyskinesias. Furthermore,
the time-to-LID analysis indicated that higher LEDD levels, particularly those above 400mg, increase
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the risk of LID and accelerate its onset. These findings emphasize the necessity of carefully managing
levodopa dosage to achieve an optimal balance between therapeutic efficacy and the risk of dyskinesia
while treating PD symptoms.

Furthermore, our investigation highlighted the significant impact of PD duration on long-term
LID outcomes. This aligns with existing hypotheses suggesting that prolonged levodopa therapy [22],
alongside the inherent severity of PD itself [35]], contributes significantly to exacerbating LID symptoms
over time. As PD progresses to advanced stages, there is a rising tendency for the prevalence of LID,
indicative of a complex association between LID and disease progression [[160]]. This association extends
beyond mere levodopa dosages, as individuals in later PD stages often experience increased distress, as
measured across both motor and non-motor aspects of the disorder.

The MDS-UPDRS parts I and III offer valuable insights into disease progression and symptomatology
in PD [143]. Our analysis revealed a significant positive correlation between higher MDS-UPDRS part
IT scores, which assess activities of daily living (ADL) and self-care tasks, and the risk of developing
LID. This connection underscores the impact of functional impairment on LID risk [[134]], indicating that
individuals facing more significant challenges in ADL may be more susceptible to LID.

Similarly, increased MDS-UPDRS part III scores, which evaluate motor aspects, showed a significant
positive correlation with LID onset [[132]]. The presence of more severe motor symptoms corresponds to
an increased risk of dyskinesia in PD patients [161]]. These findings highlight the relationship between
motor dysfunction severity and LID emergence, aligning with previous research on individuals in more
advanced disease stages [141]].

The study consistently linked increased baseline disease severity [[134] and motor dysfunction [138]
as predictors of LID in PD. Our analysis further revealed a significant correlation between PD severity
and motor symptoms, including axial dysfunction, bradykinesia, motor fluctuation, and rigidity. Each of
these symptoms displayed a significant positive association with disease severity, indicating that as PD
progresses, the likelihood and severity of these motor impairments, including the risk of developing
LID, also increase.

The SHAP value analysis revealed the significance of motor fluctuations, particularly those associ-
ated with prolonged levodopa therapy. This finding is consistent with previous studies [28}|29,|35]]. These
fluctuations typically manifest in patients with PD approximately three to five years after initiating
levodopa treatment [22]], adding complexity to the development of LID. Characterized by unpredictable
changes in motor function throughout the day, these fluctuations signal disease progression and neces-
sitate adjustments in medication management strategies involving levodopa [26]. However, delayed
or lower doses of these medications can inadvertently worsen LID symptoms [143], emphasizing the
necessity for careful balance in PD pharmacotherapy.

Bradykinesia, a defining symptom of PD characterized by slowness of movement and impaired
motor function [22}[106], has emerged as a significant predictor of LID. Several studies have highlighted
the significance of bradykinesia in LID, particularly in patients with advanced PD stages [28,|29,35]. The
progressive nature of bradykinesia throughout PD progression reflects underlying neurodegenerative
processes and dopaminergic system alterations [[134], indicating disease severity. These insights highlight
the importance of considering bradykinesia severity and temporal dynamics in predicting LID risk and
optimizing PD patient care strategies. Furthermore, decreased handwriting quality, often associated
with bradykinesia and identified as a predictor in the single cohort analysis on PPMI, has been linked to
increased LID risk.
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Tremor and resting tremor are distinct motor phenomena in PD, each with implications for LID
development. Our analysis revealed unique associations between tremor types and LID onset. Tremor,
which may occur at rest, showed a significant negative correlation with LID onset [[132]]. This finding
can be attributed to patients with tremor-dominant PD who typically require lower levodopa doses
[143] and show slower disease progression [162}|163]]. Conversely, resting tremor observed during rest
periods [[136]] showed a negative association with LID onset but a significant positive correlation with
bradykinesia and rigidity in the lower extremities [19]. This dual correlation highlights the interplay
among PD motor symptoms and their roles in LID development. This suggests that patients with
predominant tremor symptoms may have a lower risk of LID development than those with other initial
motor symptoms, which aligns with previous research [58,131,164].

Another significant motor symptom related to LID is rigidity, characterized by muscle stiffness and
resistance to movement [[165]]. Our study showed a positive correlation between rigidity severity and
LID risk, particularly as PD progresses. Furthermore, we observed an increased HR of 1.27 for rigidity at
lower extremities scores, indicating a 27% higher risk of developing LID associated with rigidity severity.
This finding highlights the importance of monitoring and managing rigidity in PD to mitigate the risk
of LID and optimize treatment strategies.

Freezing of gait (FoG) presents a significant challenge in managing PD, manifesting as a sudden
and temporary inability to walk despite the intention to walk [[166]. It has emerged as a potential
predictor for the onset of LID, with studies indicating a positive association between FoG severity and
LID risk, particularly in advanced stages of PD [167]]. The impact of FoG on LID highlights its role
as a marker of disease progression and motor complications in PD. Understanding this relationship
offers insights into the complex motor impairments experienced by PD patients and aids in developing
targeted interventions to manage both symptoms effectively.

In addition to FoG, axial impairments, including postural stability difficulties, gait impairment, and
heightened lower extremity rigidity, were identified as predictors for LID development [5]. Our analysis
revealed a positive correlation between axial impairment and disease duration, motor fluctuation, disease
severity, and rigidity. This indicates that these factors influence the onset and progression of LID. As
the disease advances, these symptoms worsen, significantly impacting LID severity. This highlights
the interplay between disease progression, motor impairment, and treatment outcomes in PD patients.
Addressing axial impairments comprehensively in PD management may help mitigate LID risk and
improve overall patient well-being.

The MDS-UPDRS part I scores, which assess non-motor symptoms in PD patients, have revealed
specific aspects, such as depressed mood, apathy, and cognition, as potential predictors of LID onset.
Higher scores indicating a heavier burden of non-motor symptoms may suggest an increased risk of
developing LID [[132]]. Given their lessened responsiveness to levodopa [143], the MDS-UPDRS part
I assessment may offer a more consistent measure of disease severity in treated patients. Individuals
with PD who experience more severe non-motor symptoms may also be more likely to be in advanced
disease stages [[168]].

Furthermore, difficulties with hygiene are also associated with LID [[169]]. Challenges in maintaining
personal hygiene may indicate broader issues with motor coordination or cognitive function, both of
which can influence the risk of dyskinesia. Furthermore, experiencing light-headedness upon standing,
a symptom highlighted in LuxPARK analysis, adds complexity to LID prediction and may be related to
dizziness due to levodopa’s adverse effects [31]], potentially impacting LID onset in PD patients.
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Similarly, non-motor symptoms related to pain and sensory changes and participation in hobbies
and activities, as observed in the PPMI analysis, offer valuable predictive insights. Alterations in pain
perception and activity levels may reflect disease progression stages [[170]], affecting treatment response
and susceptibility to LID. These findings highlight the importance of considering non-motor and motor
symptoms in predicting and managing LID risk in PD patients.

The progression of autonomic dysfunction, which is often linked to the severity of PD, can indirectly
increase the susceptibility to LID. When evaluating non-motor symptoms as potential LID predictors,
early PD features such as gastrointestinal issues, constipation, urinary problems, and sexual dysfunction
are associated with both PD severity and increased LID risk [1]. Gastrointestinal symptoms are common
in patients with PD, with dietary habits playing a significant role in their development [34]]. These
symptoms can create barriers to levodopa absorption, such as delayed gastric emptying, which can
affect the effectiveness of levodopa therapy [30]. Prolonged gastrointestinal tract impairment further
complicates levodopa delivery to its absorption site, potentially contributing to treatment challenges
and LID.

Moreover, the severity of urinary dysfunction has been linked to the degeneration of the dopamine-
dependent caudate nucleus [[168]], which may influence motor dysfunction [[57]]. Saliva and drooling,
which PD patients often experience, can lead to difficulties in eating and speaking [32} 33]. While
these associations may indirectly link to PD severity [25, |144]], specific non-motor symptoms like
gastrointestinal issues directly impact levodopa pharmacokinetics and treatment efficacy [[145].

Another common aspect of autonomic dysfunction in PD identified in LuxPARK analysis is ther-
moregulatory autonomic dysfunction. Fluctuations in body temperature regulation, such as excessive
sweating or impaired temperature control, may indicate autonomic system dysregulation [25], further
exacerbating PD symptoms and affecting LID onset. Additionally, positive correlations have been noted
between cardiovascular autonomic dysfunction and LID onset [[134]. These findings highlight the multi-
faceted role of autonomic dysfunction in PD progression and its potential impact on LID susceptibility,
emphasizing the need for comprehensive assessments in PD management.

A negative correlation between advanced age at PD onset and the likelihood of experiencing LID
symptoms has been confirmed in our analyses, consistent with prior studies [[132}135]. Our analysis
revealed a HR of 0.84, indicating a reduced risk of developing LID in patients aged 66 years or older
compared to those younger than 66. Early-onset PD patients often show distinct disease mechanisms
associated with genetic factors. Consequently, determining the appropriate levodopa dosage is important,
with early-onset PD individuals typically requiring a lower initial dose than those with late-onset PD
[15]. Customizing treatment protocols based on age at PD onset is therefore recommended.

Our study has clarified the association between GBA mutations and LID risk in PD patients. PD
patients with GBA mutations have been found to show distinct clinical features and disease progression
trajectories [5]. Emerging evidence suggests a potential link between GBA mutations and an increased
risk of developing LID [47]], particularly in patients with early-onset PD [48| |143]]. Genetic factors,
including GBA mutations, have been shown to influence PD symptoms and are associated with earlier
LID development [137].

Moreover, mutations in the GBA gene have been associated with cognitive impairment in PD patients
(31,147, |171]], highlighting the significant impact of cognitive factors on PD outcomes. Notably, younger
age at PD onset is often associated with a higher degree of cognitive performance [[172], including
deficits in visuospatial sustained attention [[15,62]], highlighting the complex interplay between cognitive
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and motor aspects of PD and their role in LID onset.

There is a correlation between cognitive impairment in PD and the onset of LID, which is often
attributed to deficiencies in visuospatial function, measured by the Benton JLO test. The negative
cognitive impact may be attributable to levodopa therapy [42]. A previous study has indicated that
more severe cognitive impairment in PD is associated with a poor response to levodopa treatment [[130]].
Interestingly, individuals with superior visuospatial abilities are less likely to experience LID-related
symptoms, indicating a protective predictor against LID development [24]]. This observation is consistent
with research indicating a negative correlation between visuospatial abilities and the severity of axial
impairment, overall disease severity, and rigidity in the lower extremities [63]].

It is of great importance to gain an understanding of the psychological disturbances that can occur
in patients with PD, such as emotional dysfunction, fatigue, and sleep disturbances. A previous study
has shown that approximately half of PD patients show signs of depression, which can impact cognitive
functions [45]. Apathy, which is often linked with clear signs of depression [15]], can also correlate to the
development of LID. The presence of emotional dysfunction, apathy, and fatigue may serve as potential
indicators of LID development, reflecting the multifaceted nature of PD progression. Additionally,
excessive daytime sleepiness has been associated with impaired motor function in PD, as evidenced by
previous studies [45]. Further research must clarify these complex associations and their implications
for managing PD.

Our study has revealed a significant correlation between body weight and the risk of developing
LID in patients with PD. Previous studies have consistently shown that lower body weight is associated
with a reduced risk of LID onset [[133}|134]. This inverse correlation suggests that individuals with
lower body weight may be more susceptible to experiencing LID symptoms during levodopa treatment.
One potential explanation for this relationship is the impact of body weight on levodopa absorption,
given that the condition of the gastrointestinal tract can significantly affect medication absorption rates.
Factors such as dietary habits and nutritional status indirectly influence body weight in patients with PD,
subsequently affecting their response to levodopa therapy [34]. It is therefore important to recognize
the impact of body weight on LID risk to optimize treatment strategies and customize medication doses
to individual patient characteristics, including considerations related to body weight and nutritional
status.

The findings of this study highlight the significance of integrating clinical data from multiple cohorts
to provide valuable insights into LID prognosis across diverse patient populations. The analyses reaffirm
established predictors of LID and revealed novel associations, highlighting the utility of interpretable ML
approaches in this context. The model robustness observed in the cross-study analyses underlines the
efficacy of integrating data from multiple studies, establishing the foundation for more comprehensive
and reliable predictive models for LID and PD progression.

4.5.3 Clinical utility and calibration

The findings of this study highlight the significant advantage of integrating clinical data from mul-
tiple cohorts in enhancing LID prognosis across diverse patient populations. By integrating diverse
data sources, the analyses validated well-established predictors of LID. They revealed novel insights,
highlighting the efficacy of interpretable ML approaches in identifying subtle and complex patterns in
clinical data. Notably, the improved model robustness observed in the cross-cohort analyses highlights
the effectiveness of integrating data from multiple studies to develop predictive tools that are both
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reliable and generalizable.

Evaluating the clinical utility and calibration of prediction models revealed that different models offer
varying degrees of applicability for clinical decision-making. Among the methods analyzed, CatBoost and
Extra Survival Trees were the most promising, showing superior net benefit and calibration performance.
These models provide a robust basis for practical implementation in real-world clinical settings, where
predictive accuracy, reliability, and ease of integration are all-important. The favorable results of this
study suggest that ML-driven tools can offer support in the personalized treatment planning process,
such as the early identification of patients at high risk for LID and the ability to make personalized
adjustments to therapeutic strategies.

Nevertheless, further validation of these models is necessary. To ensure the generalizability and
utility of these tools, independent datasets incorporating a more heterogeneous cohort of participants
across various geographic regions and clinical practices must be used. Validation with larger datasets
will strengthen confidence in the findings and address limitations associated with small sample sizes,
reducing variance in performance estimates and enhancing the robustness of model evaluations. This
step is particularly important in establishing the reliability of ML applications for more extensive clinical
use.

While this study provided the interpretability of the predictive models by clarifying the relationships
between input features and outcomes, future efforts must extend beyond interpretability to address
reliability and trustworthiness. In addition, regarding technical and privacy-related challenges, ML
implementation in healthcare raises broader ethical questions, such as the risk of biases in model
predictions and unequal access to technology. Addressing these issues through strategies such as bias
mitigation during model development, comprehensive transparency in deployment processes, and
equitable access to predictive tools is recommended. Previous literature has extensively discussed these
concerns, emphasizing that Al-based healthcare tools must align with ethical principles and equity to
build trust and ensure positive patient outcomes [[173}|174]. Ultimately, to achieve successful clinical
integration, it is important to address the dual challenges of robust model validation and adherence to
ethical standards. By implementing these strategies, such as validation across diverse cohorts and the
maintenance of ethical and legal considerations, these tools can ensure that their potential to improve
patient care is met with the highest data integrity, fairness, and clinical reliability standards.

4.6 Summary and conclusions

This study introduces three key contributions to the investigation of LID in PD. Firstly, it develops cross-
cohort prediction models that enable both prognostic classification and time-to-LID prediction from
clinical data. These models provide valuable tools for early intervention and personalized management
of PD. Secondly, the models differ from conventional single-variable approaches in that they incorporate
multivariable signatures that use complementary clinical descriptors, improving prediction robustness
and accuracy. Thirdly, the study uses feature selection and SHAP analysis to improve the interpretability
of the models and facilitate more informed clinical decision-making.

The cross-cohort ML models demonstrated considerable predictive capabilities and robustness,
consistently showing superior performance in prediction stability and generalizability compared to
single-cohort models. The evaluation of these models highlighted the value of integrating nested CV,
hyperparameter optimization, and feature selection techniques with cross-study normalization. These
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methodologies contributed to the model’s ability to address cohort-specific biases while ensuring broader
applicability across diverse patient populations.

The interpretability models identified key clinical predictors associated with LID risk, including
levodopa medication intake and PD progression markers. SHAP analysis provided insights into the
contributions of individual features, thereby confirming the clinical relevance and applicability of the
models.

This study highlights the potential of ML in facilitating cross-cohort LID prognosis. The approach
paves the way for precision medicine in PD by integrating clinical data from different cohorts, enabling
personalized risk prediction and management strategies. These findings can potential to contribute
to developing personalized pharmacological interventions, optimized drug dosing regimens, and non-
pharmacological strategies, such as targeted physical activity programs. Future research should prioritize
validating these models in more extensive and diverse datasets to improve their reliability, applicability,
and impact on clinical decision-making.

4.7 Contribution statement

The published manuscript and the supplementary material can be found in Parkinsonism & Related
Disorders, offering supplementary details to complement the findings presented in this chapter. This
study was a collaborative effort, with contributions from all authors in various aspects of the research
and manuscript preparation (published in Parkinsonism & Related Disorders).

Rebecca Loo Ting Jiin: Conducted the study as the first author, developed the methodology, con-
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funding, and reviewed and edited all sections of the manuscript.

Olena Tsurkalenko: Reviewed and edited the manuscript, providing clinical insights. She also provided
the study’s variable aggregation list, which involved combining relevant clinical variables into aggre-
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Rejko Kriiger: Contributed by reviewing and editing the manuscript, providing insights from clinical
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Chapter 5

Interpretable machine learning for
cross-cohort prediction of motor
fluctuations in Parkinson’s disease

Motor fluctuations (MF) are a common and significant complication of Parkinson’s disease (PD). They
are defined as alternating periods of worsening and improving motor function [31]. These may include
the reappearance of PD symptoms such as bradykinesia, rigidity, and tremor. MF significantly impacts
the quality of life of patients with PD, leading to periods of impaired motor function that interfere with
daily activities, increase healthcare costs, and contribute to emotional and psychological distress 23|
175, 24]). One contributing factor to the increased healthcare costs is the higher frequency of freezing of
gait (FoG) during OFF periods associated with MF, which can lead to an increased rate of falls. These
falls heighten the risk of injury and contribute to higher hospitalization rates and associated costs [[175]].

The frequency and severity of these fluctuations can vary, significantly impacting the quality of life
and complicating disease management [3,35]]. The timing of MF varies considerably among patients
[30], with approximately half of PD patients developing MF within five years [[139]]. In the longer term,
more than 90% of PD patients experience motor complications, including MF, after ten years [1]. Current
management strategies of MF include deploying complementary medications, implementing dietary
modifications [1]], and invasive therapies, such as deep brain stimulation (DBS) or pump systems [27,
176).

A recent study used penalized regression in the Cox proportional hazards model to build clinical-
pharmacogenetic models to identify clinical and genetic factors that predict the onset of MF. The study
achieved an AUC of 0.68 for the clinical model and 0.70 for the clinical-pharmacogenetic model in
predicting MF [[139]]. Significant risk factors for the development of MF include younger age at PD
diagnosis [[1,|139], and symptoms such as rigidity and bradykinesia [19]. Patients who develop PD at a
younger age are more likely to experience MF as their disease progresses. The progression of PD itself
is another key factor influencing MF [134].

Genetic factors also play a significant role in the development and severity of MF. Individuals
with genetic mutations, such as those in the GBA1I gene, tend to experience more severe MF than
non-carriers [5,[137]. MF and dyskinesias are more prevalent in GBA-PD patients than in non-carriers
[177], highlighting the influence of genetic predispositions on the progression and treatment response
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of PD [47].

Gastrointestinal tract disorders, such as impaired transport and absorption of levodopa, significantly
impact the drug’s pharmacokinetics and contribute to MF [1,/178}[179]. Dietary factors further influence
these fluctuations [37]; a low-protein diet is associated with better motor performance in PD patients
experiencing MF [30, 180]]. Furthermore, eliminating daytime dietary protein through protein redistribu-
tion diets has improved and prolonged motor function in patients with fluctuating levodopa responses
(34].

Moreover, complications such as rigidity and bradykinesia are closely correlated with MF [19]]. The
subtype of PD and specific symptoms can also influence the risk of MF, such as tremor-predominant PD
[139]], which is associated with a decreased risk of MF. These symptoms reflect the broader impact of
disease progression on motor control and highlight the complex interplay of various factors contributing
to MF.

5.1 Rationale for the study

A comprehensive understanding of MF is important to optimize the management of PD. Early detection
and intervention are important for maintaining stable motor function and reducing the overall burden
of PD. Furthermore, the variability in response to PD medications among patients underlines the need
for personalized treatment approaches. By identifying the predictors associated with MF, researchers
can distinguish patterns and individual patient characteristics that influence the onset and severity
of these complications. This study will enable the development of effective management strategies,
facilitate early intervention to reduce the severity of these complications, and ultimately improve patient
outcomes and overall quality of life.

Previous research has primarily focused on single-cohort analyses, which may have resulted in
cohort-specific biases. This study aims to address this limitation by using cross-cohort analysis, which
facilitates the identification of MF-associated predictors in a more robust and generalizable manner.
Integrating cross-study normalization further addresses variability across different patient populations,
enhancing the reliability of the results.

5.2 Objective of the current study

The primary objective of this study is to comprehensively analyze MF in PD through a cross-cohort
analysis, leveraging various ML techniques. By integrating data from diverse PD patient populations,
this study aims to identify key predictors associated with MF. The specific objectives of this chapter are
outlined as follows:

1. Integrate cross-cohort analysis and cross-study normalization:

Aggregate and combine data from multiple cohorts of patients with PD, incorporating cross-study
normalization techniques to create a comprehensive and diverse dataset. This will enable the assessment
of the consistency of MF patterns across different populations, thereby facilitating the identification of
demographic or clinical variations.

2. Develop predictive models using ML techniques:
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Utilizing ML algorithms enables the detection of subtle patterns and relationships that traditional
statistical methods may overlook. This approach facilitates the development of robust predictive models
with favorable predictive capabilities. Based on their demographic and baseline clinical profiles, these
models are designed to identify patients at higher risk of developing MF.

3. Identification of key predictors associated with MF:
Identification and ranking of the key predictors associated with MF, along with exploring the interactions
and contributions of these predictors to the variability in MF among patients with PD.

The study aims to provide insight into the multifactorial nature of MF in PD by improving pre-
dictive capabilities that can be used in clinical settings to predict MF in individual patients. This will
facilitate the implementation of early and targeted interventions to manage the disease more effectively.
Identifying key predictors and developing predictive models will improve the ability to manage these
fluctuations effectively, leading to improved clinical outcomes and quality of life for patients with PD.

5.3 Research methodology

To comprehensively understand MF in PD, this study uses a multi-faceted research methodology that
integrates cross-cohort analysis and ML techniques using clinical data from three distinct PD cohorts.
The criteria for these cohorts are detailed in Section 3.1} This methodology uses diverse patient data
and advanced analytical tools to identify key predictors and develop predictive models. This approach
ensures a particular examination of MF patterns, variability among different populations, and the
complex relationships between clinical and demographic variables. The study aims to provide insights
that can significantly improve the management of MF in PD patients by leveraging comprehensive
analysis techniques.

5.3.1 Inclusion criteria

The inclusion criteria for this study on MF in PD are based on the MDS-UPDRS, a comprehensive tool for
assessing the severity and progression of PD symptoms. To be included in the study, patients must show
evidence of MF as defined by MDS-UPDRS Part IV or undergo relevant assessments to evaluate motor
complications. Specifically, patients were classified as having PD with MF if they met the following
criteria during the assessments: scoring > 1 on either item 4.3 (time spent in the off state), item 4.4
(functional impact of fluctuations), or item 4.5 (complexity of motor fluctuations) of the MDS-UPDRS
Part IV scale. The presence of MF observed during the clinical motor examination was also considered
for the inclusion criteria (used for the PPMI and ICEBERG cohorts).

The total MDS-UPDRS Part IV score was excluded from further analysis to prevent the replication of
MF evaluation. It is important to note that the LuxPARK cohort was assessed exclusively during the ON
state. Therefore, the analysis is limited to data collected during this state, and assessments conducted
during the OFF state were excluded. The study’s inclusion criteria for participants were as follows:
Inclusion criteria (1): A diagnosis of PD according to the UK Parkinson’s Disease Society Brain Bank
Diagnostic Criteria (UKPDSBB) criteria [154]], or subjects must have at least two of the following: rest
tremor, bradykinesia, or rigidity with either rest tremor or bradykinesia, or a single asymmetric rest
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tremor or asymmetric bradykinesia [103].
Inclusion criteria (2): Patients with MF are defined as those who present with MF within four years of
the baseline clinical visit (MF+) and patients without MF within four years of follow-up (MF-).

Table 5.1| presents the number of PD patients who met the inclusion criteria for studying MF and
the percentage of events (MF+) for classification and time-to-event analysis. The classification analysis
is conducted on events occurring within four years, consistent with the ICEBERG cohort’s follow-up
period. This period ensures comparability across all cohorts. This approach is designed to identify
those PD patients at an increased risk of developing MF within a shorter timeframe. However, due
to the limitations of this timeframe, we also conducted a time-to-event analysis. This analysis offers
the advantage of accounting for varying follow-up durations among patients, depending on their total
participation time within each cohort study. In the time-to-event analysis, the outcome was defined as
the duration until MF was observed or until the last follow-up if the event was censored. This method
comprehensively explains the time-to-MF development across different patient cohorts.

Table 5.1 Number of patients meeting inclusion criteria for MF analysis.

Cohort Inclusion Inclusion Events Events
criteria (1) criteria (2) (MF Classification) (Time-to-MF)
LuxPARK 706 395 281 (71.1%) 288 (72.9%)
PPMI 796 485 277 (57.1%) 445 (91.8%)
ICEBERG 162 116 58 (50.0%) 58 (50.0%)
Total 1664 996 616 (61.8%) 791 (79.4%)

Number of patients who met the inclusion criteria and the distribution of the events. The “Events” columns show the total number and
percentage of subjects who developed motor fluctuations (MF) during the specified period. MF classification was performed up to 4 years of
follow-up, and time-to-MF analysis was performed up to the last available follow-up visit for each patient.

5.3.2 Machine learning framework

We applied the same ML framework previously detailed in Section[4.3.2]to analyze MF in PD further. This
framework includes a comprehensive set of processes, such as data preprocessing, imputation of missing
values, categorical encoding, cross-cohort normalization, technique for addressing class imbalance,
and feature selection with two levels of cross-validation (CV). These steps ensure the consistency
and robustness of our analytical approach by leveraging various ML classification and time-to-event
algorithms.

ML classification techniques were applied to categorize PD patients into MF+ (those with motor
fluctuations during 4-year follow-up visits) and MF- (those without motor fluctuations during the same
period). Different ML classification algorithms, as described in Section were used within a CV
workflow detailed in Section [3.5|to ensure the robustness and generalizability of the models across
different PD cohorts.

Furthermore, for the time-to-MF analysis, we focused on predicting the risk of MF onset by consid-
ering the duration from the baseline visit until the onset of MF for each patient up to their last follow-up
visit. This can be achieved using time-to-event analysis techniques outlined in Section 3.4 which predict
the risk score and conversion probability based on patients’ characteristics.

Integrating multiple ML techniques into a CV workflow for both MF classification and time-to-MF
analysis is intended to provide a comprehensive understanding of the factors contributing to the devel-
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opment of MF in PD. These analyses improve predictive capabilities, allowing for the classification of
PD patients at higher risk of developing MF during follow-up periods. The findings are valuable for
clinicians, enabling personalized treatment strategies and early interventions for high-risk patients. Fur-
thermore, Bayesian signed-rank tests were applied to compare the model’s cross-validated performance
statistics across cohorts.

We conducted a SHAP values analysis to understand the prediction model’s predictors further, as
described in Section [3.6] The SHAP values enable the identification of the predictors that significantly
influence the decision-making process of the models, thereby enhancing transparency and interpretabil-
ity. This analysis provides insights into the process of the ML models and allows for the improvement
of the model’s predictive capability and reliability. By identifying the contribution of each predictor,
clinicians can make more informed decisions regarding patient management, which in turn should
improve patient outcomes.

Furthermore, we estimated the hazard ratios (HRs) based on SHAP values to quantify the impact of
individual predictors on the risk of developing MF. This approach enables the translation of the influence
of specific features into a measure of relative risk, thereby providing a better understanding of how
various factors contribute to MF. Section [3.6] provides a more detailed description of this measurement.
By estimating HRs, we can identify which predictors have stronger associations with increased risk,
refining our predictive models and improving their clinical utility. This comprehensive analysis aims to
bridge the gap between advanced ML techniques and practical insights for managing MF in patients
with PD.

As with the LID analysis, this study also developed two distinct prediction models to analyze the
onset of MF in PD patients. The initial model was designated the comprehensive model, incorporating
all baseline clinical characteristics shared across the cohorts without prior feature selection. This
model aimed to use as much information as possible from the available data to capture various factors
contributing to MF prediction. The comprehensive model was designed to provide a comprehensive
overview of the predictors involved in developing MF by incorporating a wide range of clinical features.

The second model, the refined model focused on a subset of clinical features that excluded baseline
MF and levodopa medication. The refined model was designed to identify additional predictors that
might independently contribute to developing MF and levodopa treatment during model training. This
approach enabled the identification of novel predictors that could offer insights related to MF independent
of the effects of levodopa medication.

In developing these two models, the comprehensive model aimed to use the full scope of available
clinical data to predict MF, while the refined model seeks to uncover additional predictors that could
provide novel insights into the understanding and management of MF in PD. This dual approach
improves the robustness and depth of the analysis, offering an understanding of the predictors of MF.

To assess the predictive performance of the comprehensive and refined models, we compared the
hold-out AUC for MF classification models and the hold-out C-index for time-to-MF models within the
same cohort analysis, applying the statistical test detailed in Section [3.7} These metrics provide a robust
evaluation of the model’s predictive capabilities and discriminatory power in predicting the onset of MF
in patients with PD.

In addition, we assessed the performance of non-normalized versus normalized models within the
same cohort. Normalization techniques are important in ensuring that the features have comparable
scales, as this may significantly impact the performance of ML models. The hold-out AUC and C-
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index were compared to optimized non-normalized and normalized models with the highest average
cross-validated metrics to determine the impact of normalization on predictive performance.

The stability of the optimized model for each cohort analysis was assessed to ensure consistent
performance. Data perturbations in the cross-validated training set further assess the stability of the
models. This stability analysis examined the standard deviation of performance metrics such as the
AUC for binary classification and the C-index for time-to-MF models across CV folds corresponding
to the optimal hyperparameters. A low standard deviation is indicative of consistency and reliability.
This stability analysis ensures that the models are stable, reliable, and generalizable, enhancing their
capability to predict MF in PD patients across diverse clinical settings.

To gain further insight into the predictors of MF, we compared the selected features across the 5-fold
CV within the single cohort analyses. This process involved calculating the frequency percentages of each
selected feature across the folds within the CV process. We identified key predictors that consistently
contribute to the model’s performance across different cohorts by examining the consistency of feature
selection frequency across multiple model training and evaluation iterations. The stable predictors show
higher consistency in feature selection and are discussed in detail in Section This analysis provides
valuable insights into the robustness and reliability of the features that predict MF, enhancing the overall
understanding of their impact on PD.

5.3.3 Statistical analysis

In this study, we conducted univariate analysis to investigate the relationships between each predictor
and the occurrence of MF within four years (MF+ and MF-). This analysis allowed us to assess whether
these associations varied significantly across different cohorts and the outcome, providing insights into
potential cohort-specific factors influencing MF. Additionally, we performed correlation analysis to
examine the relationships between predictors among features and quantify the correlation coefficients.
By exploring these interrelationships, we gained a deeper understanding of how individual predictors
may interact and influence the development of MF in PD. These methods, described in Section
contribute to evaluating the predictors in MF outcomes and improve the overall understanding of the
factors associated with MF in PD.

5.3.4 Clinical utility analysis

We applied decision curve analysis (DCA) and calibration analysis, as discussed in Section[3.10} to gain
further insight into the performance and reliability of our optimized predictive models for MF in PD.
Through the DCA, the clinical utility of our models was evaluated by the net benefit across various
threshold probabilities. This analysis illustrated the potential advantages of integrating our models into
clinical practice, thereby assisting in diagnosis decisions for PD patients with MF.

The study also measured the area under the net benefit curve (AUNBC) to assess further the clinical
utility of the predictive models for MF. This approach quantifies the effectiveness of the models in
a clinical decision-making context by comparing the net benefit of different intervention strategies.
The AUNBC was calculated for the optimized models and compared to the AUNBC for the “treat all”
strategy. This comparison is intended to show the additional value of the predictive models over a
baseline strategy, in which all patients receive intervention regardless of their predicted risk. A higher
AUNBC for the optimized models indicates more excellent clinical utility regarding MF in PD.
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Moreover, bootstrapping hypothesis testing was used to measure p-values and evaluate the sig-
nificance of the observed differences. The null hypothesis was formulated to indicate no significant
discrepancy in the AUNBC between the two optimized models. The p-values were adjusted using the
Benjamini-Hochberg procedure to address the multiple comparisons. This adjustment ensures that
the reported p-values accurately reflect the likelihood of actual differences, thereby confirming the
reliability of the optimized models’ superior performance in predicting MF in PD.

In addition, a calibration analysis was conducted to assess the comparison of the predicted probabili-
ties with the actual outcomes for MF classification and the predicted conversion probabilities with the
observed conversion probabilities at year 4 for the time-to-MF model. The calibration was evaluated
by measuring the slope and the MSE of the calibration curve. These metrics provided insights into the
accuracy and reliability of the models in predicting MF. A slope close to 1 and a lower MSE indicate
better calibration, suggesting that the predicted probabilities are close to the observed outcomes. This
calibration analysis further verifies the robustness of the predictive models.

5.3.5 Code availability

R (v4.2.1) was used for data processing, normalization, and statistical analyses, while Python-3.8.6-
GCCcore-10.2.0 was used for ML predictions. The open-source code is available in the GitLab repository
under the MIT license at
https://gitlab.com/uniluxembourg/lcsb/biomedical-data-science/bds/ml-motor-fluctuations.

5.4 Results

5.4.1 Individual cohort analyses

The optimized models for predicting MF in PD were selected based on the highest average cross-validated
AUC scores for classification models and the highest average cross-validated C-indices for time-to-MF
models across different cohorts. In the LuxPARK cohort, the comprehensive MF classification model
achieved an average cross-validated AUC of 0.638 (SD 0.069) with a hold-out AUC of 0.554. According
to permutation importance analysis, this model used 10 features with predictive impact (see Table [5.2).
Compared to this, another model with a lower average cross-validated AUC of 0.561 (SD 0.152) achieved
a slightly higher hold-out AUC of 0.600. The refined classification model showed a similar average
cross-validated AUC, reaching 0.625 (SD 0.074), while the hold-out AUC increased to 0.6, utilizing 5
features (see Table[B.1). For the analysis of time-to-MF, the comprehensive model achieved an average
cross-validated C-index of 0.669 (SD 0.134) with a hold-out C-index of 0.606 using 9 predictors (see Table
[5.3). The refined time-to-MF model showed an average cross-validated C-index of 0.555 (SD 0.114) with a
hold-out C-index of 0.665 (see Table[B.2). The p-values for comparing comprehensive and refined models
were 0.639 for classification and 0.139 for time-to-MF, as shown in Table indicating no statistically
significant differences at a 5% significance level when excluding baseline MF and levodopa medication
from model training.

In the PPMI cohort, the comprehensive classification model achieved an average cross-validated AUC
of 0.711 (SD 0.044) with a hold-out AUC of 0.710, utilizing 4 features. Utilizing 32 features, the refined
model showed an average cross-validated AUC of 0.700 (SD 0.048) with a hold-out AUC of 0.631. The
comprehensive MF classification model achieved higher hold-out predictive performance than the refined
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model across key metrics, including precision, recall, f-score, accuracy, and balanced accuracy (data are
not shown in the thesis). The refined model, while showing slightly lower performance, maintained
consistent results across all metrics. In the context of time-to-MF analysis, the comprehensive model
achieved an average cross-validated C-index of 0.711 (SD 0.047) with a hold-out C-index of 0.718. The
refined time-to-MF model showed an average cross-validated C-index of 0.692 (SD 0.053) with a hold-out
C-index of 0.704. The p-values from DeLong’s and one-shot nonparametric tests indicated no statistically
significant differences between the comprehensive and refined models in PPMI cohort analyses. Notably,
the PPMI cohort showed higher average cross-validated AUC and C-index, along with smaller SD,
compared to the LuxPARK and ICEBERG cohorts. This result indicates that the predictive models are
more stable and reliable in the PPMI cohort.

The comprehensive classification model showed an average cross-validated AUC of 0.689 (SD 0.129)
for the ICEBERG cohort, with a hold-out AUC of 0.531. This model used 7 features with predictive impact,
as determined by permutation importance analysis. The refined model showed comparable predictive
performance. In the context of time-to-MF analysis, the comprehensive model achieved an average
cross-validated C-index of 0.628 (SD 0.093) with a hold-out C-index of 0.687, utilizing 12 predictors.
The refined time-to-MF model showed an average cross-validated C-index of 0.577 (SD 0.057) with a
hold-out C-index of 0.517, with 11 predictive features. The p-values for comparing the comprehensive
and refined models indicated no statistically significant differences.

Table 5.2 Predictive performance metrics for comprehensive MF classification in single-cohort analyses.

Algorithm L:zr(iRK Number HT:!V-" Number I(I;IE)?dE-RG Number
I\(Aseg)n out of A{‘;S? out of A{‘;S;" out of
AUC features AUC features AUC features
AdaBoost (g:fgf) 0.530 2(5) (Z:ZZ) 0.710 4(9) (8::3(3)2) 0.539 303)
CART (3:153‘7‘) 0.565 5(8) (g:gzi) 0.606 2(5) (82?25) 0.592 4.9)
CatBoost (g:gzi) 0.570 7(10) (8:;;;) 0.681 6 (8) (8:162; 0.531 12 (19)
C45 (g:ggg) 0.550 4(7) (g:g;g) 0.623 3(5) (3:1622) 0.531 7 (13)
FIGS (g:fi’f) 0.579 207) (g:gzg) 0.606 2(5) (8:323) 0.542 3(6)
SSESSTE_S (g:gzg) 0.554 10 (11) (8:32(7)) 0.571 12 (12) (giigz) 0.556 11(12)
GBoost (g:?ﬁ) 0.544 5(5) (g:gig) 0.591 15 (20) (gjfso) 0.611 5(8)
HS (g:fgz) 0.487 1(1) (g:SZ;) 0.606 2(5) (8:(6)23) 0.594 2(6)
XGBoost (ngg ) 0600 18 (28) (g:ggg) 0.652 33 (53) (8:28;) 0.528 24 (36)

An overview of the comprehensive MF prognostic classification’s predictive performance statistics summarizes the comprehensive MF prognostic
classification’s predictive performance statistics in single cohort analyses. The optimized models are listed with cross-validated and hold-out
AUC values and the corresponding number of features used in each optimized model. Models with the highest average AUC scores in the
cross-validation of the cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in italics. The
column labeled ‘Number of features’ displays the number of candidate features selected during nested cross-validation. The number in front
of the brackets indicates the number of selected predictive features in the cross-validation determined through permutation importance
analysis.
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Table 5.3 Predictive performance metrics for comprehensive time-to-MF in single-cohort analyses.

Algorithm LuxPARK PPMI ICEBERG
Mean H(:)Lll(ti— Nur:fber Mean H(;)l:;i— Nur:fber Mean H:J(ti— Nun;lfber
(SD) C-index features (SD) C-index features (SD) C-index  features
CW- 0.669 0.708 0.587
CBoost (0.134) 0.606 9 (9) 0022) 0.705 11 (23) (0.094) 0.594 5(13)
Extra Sur- | 0.587 0.711 0.575
A 1 .71 1 .64 10 (1
vival (©0.139) 0.629 0(10) (0.047) 0.718 08 (114) 0.145) 0.642 0(10)
Survival 0.598 0.681 0.628
GBoost (0.081) 0.588 81 (88) (0.044) 0.684 12(17) (0.093) 0.687 12(19)
0.605 0.679 0.482
LSVM 0.161) 0.608 8 (8) (0.06) 0.726 27 (27) (0.068) 0.600 11(11)
0.532 0.695 0.501
LSVM .601 16 (1 , .661 15 (1
NLSV ©0173) 0.60 6 (16) (0.043) 0.736 30 (30) (0105) 0.66 5 (15)
Penalized 0.533 0.700 0.518
Cox (0.144) 0.565 1(2) (0.036) 0.710 29 (37) (0.049) 0.624 14 (14)
. 0.569 0.687 0.596
Survival RF 0.109) 0.626 9(9) 0.013) 0.716 65 (94) (0:046) 0.603 11 (11)
Survival 0.555 0.640 0.538
. 14 K .
Trees (0.05) 0-595 (20) (0.032) 0-637 6(7) (0.054) 0.633 6(8)

An overview of the comprehensive time-to-MF predictive performance statistics summarizes the comprehensive time-to-MF predictive
performance statistics in single cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the
corresponding number of features used in each optimized model. Models with the highest average C-index in the cross-validation of the
cohort analyses are highlighted in bold. The model with the highest hold-out C-index is indicated italics. The column labeled ‘Number of
features’ displays the number of candidate features selected during nested cross-validation. The number in front of the brackets indicates the
number of selected predictive features in the cross-validation determined through permutation importance analysis.

Table 5.4 Significance testing of hold-out predictive metrics between normalized and unnormalized models for
MF in multi-cohort analyses.

Cohort MF classification time-to-MF
LuxPARK 0.639 0.139
PPMI 0.217 0.223
ICEBERG 0.883 0.080
Cross-cohort 0.594 0.401
Leave-ICEBERG-out 0.090 0.080
Leave-PPMI-out 0.618 0.004
Leave-LuxPARK-out 0.587 0.950

A comparison of the statistical significance of the differences between the hold-out predictive performance metrics for the optimized
comprehensive and refined models across cohorts. The p-values for the significance of the difference were calculated using DeLong’s test
for MF classification and the one-short nonparametric test for time-to-MF analysis. A p-value < 0.05 indicates a significant difference in
hold-out predictive performance between the two models.

The Bayesian signed-rank test was applied to compare the cross-validated predictive performance of
the optimized comprehensive and refined models across the cohorts. In the case of the MF classification
models, the PPMI cohort consistently showed superior predictive performance. In the comprehensive
model (see Figure [5.1), PPMI showed superior performance to LuxPARK with a probability of 0.93 and
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to ICEBERG with a probability of 0.78, indicating that PPMI and ICEBERG showed similar performance.
The probability of ICEBERG being superior to LuxPARK was 0.62. In the refined model (see Figure [B.1),
PPMI showed superior performance to LuxPARK with a probability of 0.97 and to ICEBERG with a
probability of 0.58. The probability of ICEBERG outperforming LuxPARK was 0.90.

In the time-to-MF models, the PPMI cohort showed superior performance. In the comprehensive
time-to-MF model (see Figure[5.2), PPMI showed superior performance to LuxPARK with a probability of
0.67 and to ICEBERG with a probability of 0.90. The probability of LuxPARK demonstrating superiority
over ICEBERG was 0.62. In the refined model (see Figure B.2), PPMI showed even greater superiority,
with a probability of 1.00 over LuxPARK and ICEBERG. The probability of ICEBERG being superior to
LuxPARK was 0.58.

Figure 5.1 Comparison of cross-validated AUC values for the comprehensive MF classification models.
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A comparison of cross-validated AUC scores and probabilities of better predictive performance for the optimized comprehensive MF classification
model across cohort analyses. The upper part displays boxplots of the cross-validated AUC scores for each cohort, while the lower part shows
the probabilities of one cohort’s predictive performance being better than another’s. The arrows indicate higher probabilities of predictive
performance. They point towards the cohort with the higher probability of better performance for the optimized model.

To determine the stability of our predictive models across different cohorts and data perturbations
during 5-fold CV, we examined the standard deviation of the predictive performance metrics corre-
sponding to the optimal hyperparameters. The stability results for the comprehensive MF classification
(Figure B.3), refined MF classification (Figure [B.4), comprehensive time-to-MF (Figure B.5), and refined
time-to-MF (Figure models across each cohort analysis indicate that the PPMI cohort consistently
showed lower standard deviations in predictive performance. This indicates that the models trained
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Figure 5.2 Comparison of cross-validated C-indices for the comprehensive time-to-MF models.
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A comparison of cross-validated C-indices and probabilities of better predictive performance for the optimized comprehensive time-to-MF
model across cohort analyses. The upper part displays boxplots of the cross-validated C-indices for each cohort, while the lower part shows
the probabilities of one cohort’s predictive performance being better than another’s. The arrows indicate higher probabilities of predictive
performance. They point towards the cohort with the higher probability of better performance for the optimized model.
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on the PPMI cohort were more stable and reliable than those trained on the LuxPARK and ICEBERG
cohorts, regardless of whether the comprehensive or refined models.

Table [5.5|presents the top predictors from the optimized comprehensive and refined models for MF
classification and time-to-MF analyses across each cohort. The predictors, ranked by their average
selection percentages during a 5-fold CV, identify the most influential predictors in predicting MF in PD.
In all three cohort analyses, disease duration and age of PD onset were consistently identified as the
key predictors of MF development. Furthermore, body weight, axial symptoms, MDS-UPDRS Parts I
and I, Benton JLO, and autonomic dysfunction, including GI, were identified as significant predictors,
reflecting their association with overall health and cognitive function. Also, axial symptoms and various
indicators from MDS-UPDRS Part I, Part II, and SCOPA-AUT significantly predicted MF in PD. It is
important to note that these predictive features are not independent of each other, even though their
joint inclusion in the predictive models suggests an added value in capturing multiple interrelated
features. In particular, disease duration is a key determining factor for many of these variables, including
axial symptoms, MDS-UPDRS scores, SCOPA-AUT, and generally all features related to disease severity.
This interconnectedness reflects the multifaceted progressive nature of PD and highlights the complex
relationships among these predictors.

5.4.2 Cross-cohort analyses

In addition to the single-cohort analyses, we conducted multi-cohort analyses to improve the general-
ization and robustness of the MF prediction models and extend their applicability to different patient
populations. Specifically, both CV analyses involving samples from all cohorts (termed cross-cohort
analysis), leave-ICEBERG-out, leave-PPMI-out, and leave-LuxPARK-out analyses were performed.

In the cross-cohort analysis, the comprehensive MF classification model achieved an average cross-
validated AUC of 0.637 (SD 0.014) and a hold-out AUC of 0.624, utilizing 8 predictive features (see
Table . The refined classification model, utilizing 7 features, showed an average cross-validated
AUC of 0.625 (SD 0.014) and a hold-out AUC of 0.591 (see Table B.3). Both the comprehensive and
refined MF classification models showed consistent hold-out prediction performance across key metrics,
including precision, recall, F-score, accuracy, and balanced accuracy. In the analysis of time-to-MF, the
comprehensive model achieved an average cross-validated C-index of 0.646 (SD 0.035) and a hold-out
C-index of 0.649 with 8 features (see Table[5.7). The refined model showed an average cross-validated
C-index of 0.646 (SD 0.021) and a hold-out C-index of 0.633 with 14 features (see Table[B.4). The p-values
for comparing the comprehensive and refined models were 0.594 for classification and 0.401 for time-to-
MF (see Table[5.4), indicating no statistically significant difference in the models when excluding the
baseline MF and levodopa medication during model training.

In the leave-ICEBERG-out analysis, the comprehensive classification model showed an average
cross-validated AUC of 0.653 (SD 0.019) and a hold-out AUC of 0.518, using 14 features. The refined
classification model showed an average cross-validated AUC of 0.650 (SD 0.036) and a hold-out of 0.586,
with 17 features. The comprehensive model achieved an average cross-validated C-index of 0.687 (SD
0.025) and a hold-out C-index of 0.667 with 16 features in the time-to-MF analysis. The refined model
showed an average cross-validated C-index of 0.687 (SD 0.031) and a hold-out C-index of 0.572. The
p-values for these comparisons indicate no significant differences in the hold-out performance in the
models when excluding the levodopa medication.
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In the leave-PPMI-out analysis, the comprehensive classification model achieved an average cross-
validated AUC of 0.641 (SD 0.050) and a hold-out AUC of 0.642. The refined classification model showed
an average cross-validated AUC of 0.635 (SD 0.064) and a hold-out AUC of 0.647, with 19 features. The
comprehensive model achieved an average cross-validated C-index of 0.644 (SD 0.033) and a hold-out
C-index of 0.698 in the time-to-MF analysis, utilizing 21 features. The refined model yielded an average
cross-validated C-index of 0.623 (SD 0.033) and a hold-out C-index of 0.661. The p-values for these
comparisons were 0.618 for classification and 0.004 for time-to-MF, indicating significant differences
between the hold-out performance of the comprehensive and refined time-to-MF models.

In the leave-LuxPARK-out analysis, we observed higher average cross-validated performance metrics
than other multi-cohort analyses. However, this observation did not translate into similarly high hold-out
predictive performance. In particular, the average cross-validated AUC for the optimized comprehensive
MEF classification model was 0.675 (SD 0.040), whereas the hold-out AUC was lower at 0.553. Similarly, the
average cross-validated C-index for the optimized comprehensive time-to-MF model was 0.749 (SD 0.037),
but the hold-out C-index decreased to 0.585. These findings suggest that while the model performed
satisfactorily during CV, it tended to overfit when applied to the hold-out LuxPARK cohort.

The Bayesian signed-rank test was used to assess the cross-validated performance of models across
different multi-cohort analyses. The results were then summarized with hold-out AUC/C-index values,
providing a comprehensive evaluation. For the MF classification models, the cross-cohort refined model
showed a probability (0.66) of being superior in cross-validated AUC compared to the leave-PPMI-out
analysis, with a hold-out AUC of 0.642.

The leave-ICEBERG-out analysis showed a high probability of superiority in cross-validated C-index
for both comprehensive and refined models in the case of the time-to-MF models. However, this analysis
yielded lower hold-out C-index values (0.667 for comprehensive, 0.572 for refined) than the cross-cohort
hold-out C-index (0.649 and 0.633, respectively). Conversely, the leave-PPMI-out comprehensive model
showed the performance with a high probability of superiority in cross-validated C-index and a higher
hold-out C-index of 0.698, indicating robust performance across both metrics.

Overall, while the leave-ICEBERG-out analysis showed superior cross-validated performance, it
often showed lower hold-out performance than the cross-cohort analysis. In contrast, the leave-PPMI-
out analysis showed performance with superior cross-validated performance and higher hold-out
performance in specific models. This emphasizes the necessity of considering cross-validated and
hold-out metrics when evaluating model performance across different cohort analyses.

A comparison of the cross-validated performance between the multi-cohort analysis and single
cohort analysis revealed that PPMI showed superior performance to the cross-cohort analysis. In
contrast, the cross-cohort analysis performed better than LuxPARK in the comprehensive MF classification
model. Similarly, for the refined MF classification model, PPMI showed superiority over the cross-
cohort analysis, whereas the cross-cohort analysis showed superior performance over LuxPARK. In
the comprehensive time-to-MF model, PPMI showed superiority over the cross-cohort analysis, while
LuxPARK and ICEBERG showed comparable performance to the cross-cohort analysis. In the refined
time-to-MF model, PPMI was superior to the cross-cohort analysis, whereas the cross-cohort analysis
was superior to ICEBERG.

The stability analysis indicates that the multi-cohort analysis showed consistently lower standard
deviations in performance metrics. These results indicate that multi-cohort analyses are more stable
than single-cohort analyses. This indicates that integrating data from multiple cohorts may result in
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more stable predictive models. In contrast, the single-cohort analyses, particularly for LuxPARK and
ICEBERG, showed higher standard deviations, indicating less stable performance. The PPMI cohort
showed comparable stability to the multi-cohort analysis, with lower standard deviations in its predictive
performance.

Table 5.6 Predictive performance metrics for comprehensive MF classification in multi-cohort analyses.

Algorithm Cross-cohort Leave-ICEBERG-out
Mean Hold-out Number of Mean Hold-out Number of

(SD) AUC features (SD) AUC features
AdaBoost 0.628 (0.024) 0.606 4(10) 0.645 (0.035) 0.589 4(7)
CART 0.616 (0.023) 0.611 3(9) 0.632 (0.064) 0.679 14 (24)
CatBoost 0.637 (0.014) 0.624 8 (8) 0.653 (0.019) 0.518 14 (22)
C45 0.628 (0.026) 0.624 3 (6) 0.641 (0.031) 0.629 4(9)
FIGS 0.625 (0.038) 0.636 5(9) 0.640 (0.036) 0.609 5 (8)
GOSDT-GUESSES 0.612 (0.058) 0.582 32 (44) 0.636 (0.026) 0.456 19 (19)
GBoost 0.629 (0.046) 0.624 17 (31) 0.650 (0.043) 0.608 18 (29)
HS 0.628 (0.055) 0.625 2(7) 0.640 (0.036) 0.609 5 (8)
XGBoost 0.623 (0.036) 0.647 18 (18) 0.646 (0.059) 0.634 35 (48)

Leave-PPMI-out Leave-LuxPARK-out

AdaBoost 0.610 (0.075) 0.564 5(11) 0.668 (0.035) 0.573 4(6)
CART 0.604 (0.055) 0.571 18 (37) 0.654 (0.057) 0.569 11 (15)
CatBoost 0.636 (0.057) 0.625 15 (27) 0.675 (0.040) 0.553 9 (18)
C4.5 0.604 (0.037) 0.603 3(7) 0.647 (0.046) 0.534 8 (11)
FIGS 0.599 (0.047) 0.598 2 (5) 0.667 (0.041) 0.571 7(19)
GOSDT-GUESSES 0.594 (0.040) 0.574 35 (52) 0.642 (0.042) 0.581 19(19)
GBoost 0.595 (0.042) 0.660 17 (35) 0.660 (0.050) 0.579 5 (9)
HS 0.599 (0.047) 0.598 2(5) 0.667 (0.041) 0.571 7(19)
XGBoost 0.641 (0.050) 0.642 41 (63) 0.661 (0.021) 0.558 56 (70)

An overview of the comprehensive MF prognostic classification’s predictive performance statistics summarizes the comprehensive MF prognostic
classification’s predictive performance statistics in multi-cohort analyses. The optimized models are listed with cross-validated and hold-out
AUC values and the corresponding number of features used in each optimized model. Models with the highest average AUC scores in the
cross-validation of the cohort analyses are highlighted in bold. The column labeled ‘Number of features’ displays the number of candidate
features selected during nested cross-validation. The number in front of the brackets indicates the number of selected predictive features in
the cross-validation determined through permutation importance analysis.

5.4.3 Differences between clinical features across cohorts

The analysis of baseline features revealed significant differences among the LuxPARK, PPMI, and
ICEBERG cohorts. These differences highlight variations in PD patient demographics and clinical
characteristics, as shown in Table Three cohorts showed no significant difference in age at PD
diagnosis. Furthermore, LuxPARK patients showed a significantly longer disease duration than those in
the PPMI and ICEBERG cohorts, with averages of 4.2 years and 4.8 years longer, respectively.
Comparative analyses of body weight showed no statistically significant differences between Lux-
PARK and PPMI patients. However, patients in the ICEBERG cohort showed a significantly lower
average body weight than the LuxPARK and PPMI cohorts, with average differences of 5.1kg and 5.4kg,
respectively. A similar observation on the BMI, with ICEBERG patients showed a significantly lower
average BMI than LuxPARK and PPMI, with differences of an average of 2.4 and 1.7, respectively.
Regarding the MDS-UPDRS scores, patients in the PPMI cohort showed significantly lower scores
on average across all parts than the LuxPARK and ICEBERG cohorts. This finding highlights significant
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Table 5.7 Predictive performance metrics for comprehensive time-to-MF in multi-cohort analyses.

Cross-cohort

Leave-ICEBERG-out

Algorithm Mean Hold-out  Number of Mean Hold-out  Number of
(SD) C-index features (SD) C-index features
CW-GBoost 0.646 (0.035) 0.649 8(9) 0.687 (0.025) 0.667 16 (27)
Extra Survival 0.64 (0.045) 0.680 158 (160) 0.685 (0.011) 0.588 144 (150)
Survival GBoost 0.64 (0.032) 0.654 18 (29) 0.66 (0.069) 0.656 11 (24)
LSVM 0.627 (0.038) 0.687 42 (42) 0.674 (0.033) 0.589 57 (57)
NLSVM 0.614 (0.033) 0.648 47 (47) 0.672 (0.043) 0.612 55 (55)
Penalized Cox 0.589 (0.082) 0.614 2(3) 0.671 (0.046) 0.500 1(3)
Survival RF 0.641 (0.034) 0.664 90 (129) 0.681 (0.037) 0.565 24 (55)
Survival Trees 0.59 (0.058) 0.589 2(2) 0.629 (0.064) 0.489 4 (6)
Leave-PPMI-out Leave-LuxPARK-out
CW-GBoost 0.63 (0.065) 0.698 13 (24) 0.734 (0.032) 0.625 15 (24)
Extra Survival 0.644 (0.033) 0.698 21 (21) 0.729 (0.032) 0.617 123 (123)
Survival GBoost 0.616 (0.043) 0.690 12 (21) 0.712 (0.024) 0.560 29 (57)
LSVM 0.632 (0.036) 0.696 40 (40) 0.725 (0.039) 0.572 53 (53)
NLSVM 0.625 (0.045) 0.661 32(32) 0.727 (0.039) 0.586 54 (54)
Penalized Cox 0.607 (0.042) 0.590 2(4) 0.749 (0.037) 0.585 83 (118)
Survival RF 0.619 (0.03) 0.697 101 (115) 0.728 (0.034) 0.623 71 (103)
Survival Trees 0.597 (0.043) 0.642 10 (18) 0.665 (0.036) 0.614 8 (10)

An overview of the comprehensive time-to-MF predictive performance statistics summarizes the comprehensive time-to-MF predictive
performance statistics in multi-cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the
corresponding number of features used in each optimized model. Models with the highest average C-index in the cross-validation of the
cohort analyses are highlighted in bold. The column labeled ‘Number of features’ displays the number of candidate features selected during
nested cross-validation. The number in front of the brackets indicates the number of selected predictive features in the cross-validation
determined through permutation importance analysis.
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variations in baseline clinical characteristics among the cohorts. In particular, the average score for
MDS-UPDRS Part I was 8.5 points higher for LuxPARK than for PPMI, while PPMI scored 6.4 points
lower than that of ICEBERG. For MDS-UPDRS Part II, LuxPARK scored 6.4 points higher than PPMI and
4.9 points higher than ICEBERG, while PPMI showed scores lower than ICEBERG. A comparable pattern
was observed in MDS-UPDRS Part III (ON) and SCOPA-AUT scores; LuxPARK patients consistently
scored higher than PPMI and ICEBERG, while PPMI showed lower scores than ICEBERG in these
assessments.

Table 5.8 Comparative analysis of baseline features mean differences across cohorts in MF analysis.

LuxPARK vs. LuxPARK vs. PPMI vs.
Predictors PPMI ICEBERG ICEBERG p-values
(p-values) (p-values) (p-values)
Age at PD diagnosis - - - 1.52E-01
Disease duration 4.19 (7.75E-41) 4.76 (1.04E-24) 0.57 (0.236) 7.51E-48
Weight (kg) -0.32 (1.000) 5.11 (0.025) 5.43(0.018) 1.69E-02
Height (cm) -2.33(0.002) -1.81 (0.276) 0.52 (1.000) 2.90E-03
BMI (kg/m2) 0.66 (0.059) 2.36 (1.19E-05) 1.70 (0.004) 1.82E-05
MDS-UPDRS Part | score 8.52 (2.29E-89) 2.16 (0.829) -6.37 (3.95E-33) 1.14E-97
MDS-UPDRS Part Il score 6.40 (1.17E-38) 4.90 (5.50E-06) -1.50 (6.52E-04) 6.39E-38
MDS-UPDRS Part 111 (ON) score 17.50 (9.57E-31) 8.19 (2.39E-04) -9.31 (8.14E-08) 1.84E-30
SCOPA-AUT total score 10.64 (5.71E-101) 3.54 (0.004) -7.10 (1.75E-26) 4.60E-105
A comparative analysis of the mean differences for baseline features across the LuxPARK, PPMI, and ICEBERG cohorts. The p-values indicated

statistically significant differences in the average of the predictors between specific cohort pairs, providing insights into cohort-specific
variations in predictor distributions in motor fluctuations analysis.

5.4.4 Comparative evaluation of cross-study integration

Since data from different studies may be affected by different biases and study-specific data distributions,
a comparative evaluation of cross-study normalization methods for MF analysis is conducted to determine
the most favorable approaches to model performance. A statistically significant difference in hold-out
performance was observed between the normalized models and those without additional normalization
(p = 0.011), particularly in the cross-cohort comprehensive time-to-MF models (Table[5.9). This resulted
in improved predictive performance (see Table [5.10), indicating that while cross-study normalization
techniques can improve predictive capability by adjusting for study-specific sources of bias and variability,
they do not always result in significant performance improvements.

5.4.5 Associations of clinical features with motor fluctuations outcome

The associations of clinical features with MF were analyzed to identify the most predictive features
and to highlight their roles as potential risk or protective factors. This analysis also examined the
direction of their statistical associations with MF outcomes. In the cross-cohort analyses, we identified
levodopa medication, disease duration, the presence of dyskinesia (a common PD complication involving
involuntary movements), tremor, and age at PD diagnosis as the most frequently selected features (Table
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Table 5.9 Significance testing of hold-out predictive metrics between normalized and unnormalized for MF
models in multi-cohort analyses.

Comprehensive model Refined model

Cohort Normalize.d vs. Cross—?oh(.)rt Normalize_d vs. Cross-c'oh(.)rt

Unnormalized normalization Unnormalized normalization
MF classification:
Cross-cohort 0.998 Mean-centering 0.925 Quantile
Leave-ICEBERG-out 0.158 M-ComBat 0.937 M-ComBat
Leave-PPMI-out 0.656 ComBat 0.949 Ratio-A
Leave-LuxPARK-out 0.838 M-ComBat 0.751 Standardize
Time-to-MF:
Cross-cohort 0.011 Mean-centering 0.449 Quantile
Leave-ICEBERG-out 0.190 ComBat 0.892 ComBat
Leave-PPMI-out 0.855 M-ComBat 0.891 M-ComBat
Leave-LuxPARK-out 0.553 Standardize 0.467 Standardize

A comparison of the statistical significance of the differences between the hold-out predictive performance metrics for the optimized
comprehensive and refined models across cohorts. The p-values for the significance of the difference were calculated using DeLong’s test
for MF classification and the one-shot nonparametric test for time-to-MF analysis. A p-value < 0.05 indicates a significant difference in
hold-out predictive performance between the two models. The normalization method used on the optimized model is indicated in the column
“Normalization”.

[5.11). Levodopa medication, disease duration, and dyskinesia consistently showed high predictive impact
and were associated with a higher likelihood of MF development. In contrast, resting tremor and Benton
JLO (higher scores indicate better visuospatial ability) were negatively associated with MF (Figure
Figure and Table [5.13).

Similar to the classification models, the comprehensive and refined time-to-MF models, illustrated in
Figures|5.4/and identify the predictors with higher influence in the predictive model. These include
levodopa treatment, disease duration, dyskinesia, and tremor. Furthermore, specific symptoms from
the MDS-UPDRS, such as fatigue and sleep disorders, are identified as influential. Furthermore, other
predictors, including axial symptoms, also contribute to determining the time-to-MF. These findings
highlight the multifactorial nature of MF in predicting their onset.

The single cohort analysis revealed that the PPMI cohort showed higher cross-validated and hold-out
AUC/C-index values in both MF classification and time-to-MF analyses. The SHAP values illustrate
the predictors of these optimized model plots in Figures[B.9and [B.10]for the optimized comprehensive
MF classification and time-to-MF models in PPMI, respectively. As in the cross-cohort analysis, key
predictors observed in PPMI include the age of PD diagnosis, levodopa treatment, axial symptoms,
disease duration, as well as the pathogenic GBA and LRRK?2 variants.

Table [5.12|presents the HRs and their 95% confidence intervals (Cls) for predictors in the compre-
hensive time-to-MF model within the cross-cohort analysis. The corresponding SHAP values for these
predictors are illustrated in Figure Although a key predictor, levodopa did not display significant
differences in the time-to-MF analysis.
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Table 5.10 Predictive performance metrics between normalized and unnormalized for MF models in multi-
cohort analyses.

MF classification
Cross-cohort Leave-ICEBERG-out
Hold-out Number of Hold-out Number of
Mean (SD) AUC features Mean (SD) AUC features
Comprehensive model
Normalized 0.637 (0.014) 0.624 8 (8) 0.653 (0.019) 0518 14 (22)
Unnormalized 0.628 (0.049) 0.663 8 (10) 0.639 (0.064) 0.632 43 (67)
Refined model
Normalized 0.625 (0.014) 0.591 7(17) 0.650 (0.036) 0.586 17 (28)
Unnormalized 0.619 (0.030) 0.640 2 (4) 0.622 (0.052) 0.623 10 (17)
Leave-PPMI-out Leave-LuxPARK-out
Comprehensive model
Normalized 0.641 (0.05) 0.642 41 (63) 0.675 (0.04) 0.553 9 (18)
Unnormalized 0.636 (0.057) 0.625 15 (27) 0.674 (0.051) 0.591 9(17)
Refined model
Normalized 0.635 (0.064) 0.647 19 (33) 0.651 (0.022) 0.581 5(7)
Unnormalized 0.633 (0.036) 0.622 47 (53) 0.642 (0.079) 0.560 15 (26)
Time-to-MF
Cross-cohort Leave-ICEBERG-out
Hold-out Number of Hold-out Number of
Mean (SD) C-index features Mean (SD) C-index features
Comprehensive model
Normalized 0.643 (0.055) 0.694 13(23) 0.687 (0.025) 0.667 16 (27)
Unnormalized 0.646 (0.035) 0.649 8(9) 0.672 (0.043) 0.612 55 (55)
Refined model
Normalized 0.646 (0.021) 0.633 14 (26) 0.687 (0.031) 0.572 50 (91)
Unnormalized 0.636 (0.046) 0.648 6 (25) 0.668 (0.031) 0.580 15 (29)
Leave-PPMI-out Leave-LuxPARK-out
Comprehensive model
Normalized 0.644 (0.033) 0.698 21 (21) 0.749 (0.037) 0.585 83 (118)
Unnormalized 0.632 (0.036) 0.696 40 (40) 0.727 (0.023) 0.600 80 (108)
Refined model
Normalized 0.623 (0.033) 0.661 45 (45) 0.738 (0.043) 0.585 86 (119)
Unnormalized 0.613 (0.055) 0.660 44 (44) 0.721 (0.039) 0.598 46 (46)

Assessment of the predictive performance of comprehensive and refined prognostic models for MF, including classification and time-to-MF
analyses. The evaluation includes cross-validated and hold-out AUC or C-index calculations for both normalized and non-normalized models
and a detailed examination of the number of features used in each model. The column labeled ‘Number of features’ displays the number of
candidate features selected during nested cross-validation. The number in front of the brackets indicates the number of selected predictive
features in the cross-validation determined through permutation importance analysis.
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Table 5.11 Top 10 predictors for MF prognosis analysis.

Predictors Average ranks
Dyskinesia 1.0
Levodopa treatment 1.5
Rest tremor 2.0
MDS-UPDRS Part | score 3.0
Tremor 35
MDS-UPDRS 1V - Painful OFF-state dystonia 3.7
Disease duration 3.7
Rigidity upper extremities 4.0
MDS-UPDRS Part Il score 4.0
MDS-UPDRS Il - Freezing 4.0

List of predictors for motor fluctuations prognosis which received the top 10 average ranks in the cross-cohort analysis, using a ranking
by permutation importance across the optimized comprehensive and refined models for motor fluctuations classification and time-to-MF
analysis. The final rank reflects the average from non-missing ranks across the optimized models in the cross-cohort analysis.

Figure 5.3 SHAP values plot for the optimized comprehensive MF classification model in cross-cohort analysis.
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SHAP value plot displaying the top 15 predictors for the optimized comprehensive model in cross-cohort motor fluctuations prognostic
classification. The plot shows the magnitude and direction (positive or negative) of each feature’s influence on motor fluctuations prognosis

status as output.
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Table 5.12 Median conversion times and hazard ratios of optimized comprehensive time-to-MF model in cross-

cohort analysis.

Predi Hazard Ratio C(I)\:‘\E/(:iri?on Log-rank
redictors (95% CI) (95% CI) (p-values)

Dyskinesia

>1 1(0.8, 2.37) 0.95 (0, 2.44) 1.44E-06

<1 4.07 (3.77, 4.36)

Levodopa treatment

Yes 1.14 (1, 1.56) 3.01 (2.27, 4.07) 0.446

No 4.19 (3.77, 4.51)

MDS-UPDRS | - Fatigue (Normal)

Yes 0.7 (0.51, 0.94) 4.44 (4.03, 4.76) 0.116

No 3.03(2.34, 4)

MDS-UPDRS 1V - Painful OFF-state dystonia (Slight)

Yes 5.06 (1.72, 16.23) 0 (0, 0) 9.87E-08

No 4.01 (3.44, 4.28)

Pathogenic LRRK2 variant

Yes 2.02 (1.41, 2.92) 0.99 (0.11, 2.03) 2.15E-06

No 4.11 (3.84, 4.44)

Pathogenic GBA variant (Pathogenic variant)

Yes 3.78 (2.13, 6.26) 1.02 (0.28, 2.26) 5.45E-07

No 4.11 (3.79, 4.44)

Disease duration

>2 1.1(0.98, 1.49) 2.76 (2.03, 4.01) 0.011

<2 4.28 (4, 4.68)

MDS-UPDRS | - Depressed moods (Mild)

Yes 1.45 (1, 2.57) 3.01 (0, 5.02) 0.167

No 4.03 (3.31, 4.28)

Summary of the hazard ratio (HR), median conversion time with 95% confidence interval (Cl), and p-values from the log-rank test for the
top 15 predictors identified in the time-to-MF model in the cross-cohort analysis. The HR provides insights into the risk associated with
each predictor, while the median conversion time and log-rank test assess Kaplan-Meier (KM) curve differences between groups. “NR” (not

reached) indicates that the MF event did not occur for some participants during the study period.
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Figure 5.4 SHAP values plot for the optimized comprehensive time-to-MF model in cross-cohort analysis.
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SHAP value plot displaying the top 15 predictors for the optimized comprehensive model in cross-cohort time-to-MF analysis. The plot shows
the magnitude and direction (positive or negative) of each feature’s influence on time-to-MF as output.

For the duration of the PD, the hazard ratio is 1.10 (95% CI: 0.98, 1.49), with a p-value of 0.011. Figure
illustrates the KM plot, demonstrating that PD patients with a disease duration of 2 years or more
are at a higher risk of MF. However, the overlapping of the KM curves in more extended follow-up visits
resulted in no statistically significant difference in the HRs for these two groups of patients, despite a
low p-value of the log-rank test and longer median conversion time for the patients with shorter disease
duration during the baseline visits. Moreover, the disease duration significantly correlates with other
features, including age at PD diagnosis, axial symptoms, bradykinesia, dyskinesia, the Hoehn & Yahr
(H&Y) stage, and rigidity (Table [5.14), highlighting the complexity of PD progression.

The HR is significant for MDS-UPDRS IV - painful off-state dystonia (HR of 5.1), with a p-value from
the log-rank test of 9.87E-08. The KM plot in Figure establishes a significant separation between
the two curves, suggesting that patients with dystonia are at a heightened risk of experiencing MF
compared to those without the condition. Genetic factors were also significant predictors, including
pathogenic LRRK? variants (HR of 2.0, 95% CI: (1.4, 2.9)), and pathogenic GBA variants (HR of 3.8, 95%
CIL: (2.1, 6.3)).

The correlation analysis of predictors to MF outcome, as shown in Table reveals several key
insights consistent with previous findings from the SHAP value analysis and HR results. The correlation
of the predictors, detailed in Table highlights interactions of the predictors. The disease duration is
significantly associated with levodopa medication, H&Y stage, axial symptoms, bradykinesia, dyskinesia,
and rigidity in the lower extremities.

Furthermore, higher H&Y stages are associated with poorer visuospatial ability, increased severity
of motor symptoms, and rigidity in patients. This dual association highlights the progressive nature of
PD, whereby higher disease stages impact motor function and visuospatial abilities.

Levodopa equivalent daily dose (LEDD) analysis revealed significant differences between PD patients
with and without MF over the 4-year study period, as shown in Table PD patients without MF
(MF-) had an average baseline LEDD of 587.2mg (SD 293.1), whereas patients with MF (MF+) had a
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Table 5.13 Correlation between predictors and MF outcomes in cross-cohort analysis.

Predictors Correlation p-values
Age at PD diagnosis -0.18 1.54E-08
Disease duration since PD diagnosis (years) 0.30 6.69E-22
Gender -0.03 5.98E-02
Levodopa treatment 0.35 1.09E-28
Weight (kg) 0.01 8.41E-01
Height (cm) -0.06 4.81E-02
BMI (kg/m2) 0.05 1.25E-01
Hoehn & Yahr stage 0.24 4.55E-14
MOCA (adjusted for education) -0.06 1.66E-01
Benton Judgment of Line Orientation -0.12 4.28E-04
REM sleep behavior disorder (RBD) 0.12 1.54E-04
Resting tremor -0.15 2.72E-06
Initial motor symptom - Rigidity or bradykinesia 0.04 1.68E-01
Axial symptoms 0.28 6.02E-19
Selective axial symptoms 0.21 8.44E-12
Freezing of gait 0.25 8.16E-16
Tremor -0.11 5.29E-03
Rest tremor -0.10 1.52E-02
Rest tremor amplitude -0.06 1.65E-01
Rigidity upper extremities 0.06 1.40E-01
Rigidity lower extremities 0.11 6.41E-03
Total rigidity 0.09 1.88E-02
Bradykinesia 0.14 4.74E-04
Dyskinesia 0.22 3.38E-09
MDS-UPDRS Part | score 0.26 4.16E-16
MDS-UPDRS Part Il score 0.29 1.10E-20
MDS-UPDRS Part Il score (ON) 0.09 1.86E-02
SCOPA-AUT Gastrointestinal (Gl) 0.18 1.71E-08
SCOPA-AUT Urinary 0.07 3.48E-02
SCOPA-AUT Cardiovascular 0.14 1.10E-05
SCOPA-AUT Thermoregulatory 0.20 1.60E-10
SCOPA-AUT Sexual dysfunction 0.04 3.16E-01
SCOPA-AUT Total score 0.17 1.12E-07
Family history of PD -0.03 3.35E-01
Pathogenic LRRK2 variant 0.09 9.11E-03
Pathogenic GBA variant 0.11 8.47E-04

The correlation of predictors with motor fluctuations outcome was measured using the point biserial correlation for continuous or ordinal
predictors and the Matthews correlation coefficient (MCC) for the binary predictor.
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Table 5.15 Summary statistics for Levodopa Equivalent Daily Dose (LEDD) among patients with PD with and
without motor fluctuations within 4-year follow-up.

o Signtifictance LEDD LEDD Log-rank test
Statistics MF- MF+ (p-v:?ues) <400mg >400mg (p-values)

n 69 246 4.54E-04 58 257 3.24E-03
Mean (SD) 587.2(293.1) | 780.7 (411.89) 2.3 (1.96) 1.3 (1.85)

The statistical significance of these differences is indicated by p-values from t-tests (for normally distributed data) or Mann-Whitney U-tests
(for non-normally distributed data). Additionally, the table presents time-to-MF statistics for PD patients with LEDD <400mg and LEDD
>400mg, along with p-values from log-rank tests comparing these two groups.

significantly higher mean baseline LEDD of 780.7mg (SD 411.89). A statistical comparison between
these groups yielded a p-value indicating a statistically significant difference.

For time-to-MF based on baseline LEDD levels, PD patients with LEDD <400mg had a mean time-
to-MF of 2.3 years (SD 1.96). In contrast, patients with LEDD >400mg had a shorter average time-to-MF
of 1.3 years (SD 1.85). The log-rank test for these groups yielded a p-value of 3.24E-03, indicating a
significant difference in time-to-event outcomes based on LEDD levels.

5.4.6 Assessment of clinical utility and calibration

Table 5.16 Calibration analysis for MF classification and time-to-MF analyses.

MF classification Time-to-MF

Algorithm Comprehensive Refined Algorithm Comprehensive Refined

Slope MSE | Slope | MSE Slope MSE | Slope | MSE
AdaBoost 1.97 0.23 1.13 0.23 CW-GBoost 0.67 0.04 0.66 0.07
CART 0.40 0.26 0.53 0.25 Extra Survival 0.62 0.04 0.63 0.04
CatBoost 0.70 0.23 0.76 0.24 | Survival GBoost 0.40 0.05 0.38 0.06
C4.5 0.25 0.38 0.17 0.41 LSVM 0.82 0.04 0.64 0.05
FIGS 0.57 0.24 0.62 0.24 NLSVM 0.64 0.05 0.68 0.05
GOSDT-GUESSES 0.17 0.42 0.04 0.48 Penalized Cox 5979.06 0.06 5979.06 0.06
GBoost 1.09 0.23 2.96 0.24 Survival RF 0.77 0.04 0.61 0.08
HS 0.63 0.24 0.62 0.24 Survival Trees 0.20 0.14 0.19 0.11
XGBoost 0.70 0.23 0.65 0.24

Calibration analysis for comprehensive and refined models in both motor fluctuations classification and time-to-MF analysis for cross-cohort
analysis with the calibration slope and mean square error (MSE).

Figure [5.5|illustrates that the optimized comprehensive MF classification model trained by XGBoost
shows the largest AUNBC, followed by GBoost and CatBoost. The CatBoost-optimized model also
showed the highest cross-validated AUC and high hold-out AUC of 0.62 in the cross-cohort study. At
the same time, the XGBoost-optimized model showed the highest hold-out AUC of 0.65. These models
consistently show larger net benefit areas than the “treat all” strategy, which assumes that all patients
receive the intervention regardless of their predicted risk. Among the top three models based on the
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Figure 5.5 Bar plot of the area under the positive net benefit curve for the comprehensive MF classification
models in cross-cohort analysis.
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The bar plot shows the area under the positive net benefit for different cross-cohort comprehensive motor fluctuations classification models,
with the lines above the bars indicating significant differences in the net benefit area across models. Blue bars represent models with a larger
positive net benefit area than the negative net benefit, while red bars indicate the opposite. The numbers within the bars show the difference
in the net benefit area between each model and the ‘all intervention’ baseline. Upward arrows (1) signify a larger area than ‘all intervention’,
while downward arrows ({) indicate a smaller area.
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Figure 5.6 Bar plot of the area under the positive net benefit curve for the comprehensive time-to-MF models
in cross-cohort analysis.
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The bar plot shows the area under the positive net benefit for different cross-cohort comprehensive time-to-MF models, with the lines above
the bars indicating significant differences in the net benefit area across models. Blue bars represent models with a larger positive net benefit
area than the negative net benefit, while red bars indicate the opposite. The numbers within the bars show the difference in the net benefit
area between each model and the ‘all intervention’ baseline. Upward arrows (1) signify a larger area than ‘all intervention’, while downward
arrows ({) indicate a smaller area.
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AUNBC, GBoost shows superior calibration compared to XGBoost and CatBoost, as evidenced by Table
(left side).

For the optimized refined MF classification model, the AUNBC for AdaBoost has the largest net
benefit area and highest hold-out AUC of 0.64, as illustrated in Figures AdaBoost also shows
superior calibration slopes of 1.13. A comparison with the “treat all” strategy in this context further
highlights the advantage of using predictive models to tailor interventions, with the potential to focus
resources on patients who are most likely to benefit.

In the comprehensive time-to-MF model, the optimized models from Extra Survival Tree and LSVM
achieved the highest hold-out C-index in the cross-cohort analysis, with values of 0.68 and 0.69, respec-
tively. These models also show an excellent area under the net benefit curve in Figure A comparable
pattern is observed in the refined time-to-MF model, as illustrated in Figure

Table (right side) indicates that the optimized comprehensive time-to-MF model from LSVM is
better calibrated than the Extra Survival Tree model, with a slope of 0.82, followed by the Extra Survival
Tree model, with a slope of 0.62. For the refined time-to-MF model, NLSVM and CW-GBoost-optimized
models are well-calibrated with a calibration slope of 0.68 and 0.66, respectively. A more accurate
calibration analysis, in which the predicted probabilities more closely align with the actual outcomes,
improves the reliability of the model’s predictions.

5.5 Discussion

The prognosis of MF in PD presents a significant challenge due to intra-individual variability and the
multifaceted factors influencing disease progression. Our study examines MF in PD through single
and multi-cohort analyses. It addresses these complexities by testing the robustness and accuracy of
interpretable MF prediction methods in a cross-cohort setting. We compared different ML and feature
selection approaches within a two-level nested CV framework. Instead of focusing solely on single
markers and one conceptual approach, we assessed multivariable ML classification and time-to-MF
models. Additionally, by computing feature selection statistics across CV cycles and different cohorts,
we ranked the relative importance of features to identify the most robust and generally applicable
predictors. In the following, we discuss both the potential utility of the ML models as a prognostic tool
and interpret the identified predictors in the context of the prior literature.

5.5.1 Comparative evaluation of predictive models

In previous studies, predictive modeling of MF in PD has achieved varying degrees of success. Most
studies focused on assessing the influence of specific individual factors, e.g., a community-based study
found that MF occurred in 29% of the overall PD sample and in 40% of those who had received levodopa,
with disease duration and levodopa dose being significant predictors [181]. Another study confirmed
longer disease duration as a significant predictor of MF and identified younger age at diagnosis as a
further risk factor [182]]. However, while the previous studies identified relevant statistical associations,
they often focused on datasets from specific patient cohorts with limited sample sizes, which may
reduce the statistical power and generalizability of some of the findings across diverse populations.
The present study’s comparative evaluation of different predictive models addresses these limitations
by incorporating multivariable ML approaches and cross-cohort analyses to improve robustness and
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reliability. Notably, using nested CV frameworks and including multiple cohorts (LuxPARK, PPMI, and
ICEBERG) have facilitated a comprehensive assessment of the models’ performance across different
patient populations.

We applied various modeling approaches to predict MF, each with advantages and limitations.
Tree-based algorithms such as AdaBoost, CatBoost, and XGBoost were used extensively due to their
ability to handle complex interactions between variables and their robustness to overfitting through
regularization techniques. GBoost showed a high AUNBC and better calibration, with calibration slopes
closer to 1. Furthermore, support vector machines (LSVM and NLSVM) perform well in time-to-event
analyses. These models are mainly advantageous in their ability to handle high-dimensional data
and their flexibility in incorporating censoring information, which is important for accurate time-to-
event analysis. Thus, future follow-up studies should ideally consider multiple approaches to avoid
performance bottlenecks and identify the most suitable trade-off between the strengths and weaknesses
of different modeling techniques.

The study’s findings emphasize the benefits of integrating data from multiple cohorts, improving the
robustness and generalizability. Furthermore, the higher predictive performance observed in the PPMI
cohort for both MF classification and time-to-MF analysis highlights the important role of larger sample
sizes and extended follow-up periods in developing reliable models. Despite introducing additional
complexities due to our longitudinal cross-study analysis compared to prior cross-sectional, single-cohort
analyses, the predictive performance for MF prognosis in this study is comparable to that reported
in earlier research on MF in PD. For instance, earlier studies reported an AUC of 0.68 for dyskinesia
prognosis [143]], an accuracy of 72% for cross-sectional MF detection [[181], and AUC values ranging
from 60% to 82% for cross-sectional differentiation between ON and OFF medication states [|183]].

When evaluating the predictive models for MF classification and time-to-MF analysis in terms of
their calibration and potential utility for clinical decision-making using a DCA, most models consistently
show superior net benefit compared to simple strategies, such as “treat all" and “treat none”, and the
calibration analysis showed that the slope of predicted outcome categories matched well with the
observed outcomes.

Despite these encouraging results, significant limitations and challenges still have to be addressed
for the practical application of these predictive models in clinical settings. The hold-out performance
metrics, although indicative of high predictive capability, still show variability across different cohorts,
suggesting that individual patient characteristics and cohort-specific factors significantly influence
model accuracy. Additionally, the reliance on features such as LEDD, disease duration, and non-motor
symptoms underscores the complexity of predicting MF onset, as these factors can vary widely among
patients [[184]]. Therefore, while the models could provide valuable insights for testing new therapeutic
interventions in precision medicine trials, they will need to be further optimized and tailored to individual
patient profiles to achieve the long-term goal of optimizing treatment strategies and improving clinical
outcomes.

5.5.2 Differences between clinical features across cohorts

When interpreting the role of baseline clinical features as potential prognostic predictors of future
MF development, we need to consider the marked variations in baseline characteristics between the
three cohorts: LuxPARK, PPMI, and ICEBERG. The LuxPARK cohort displays a relatively long disease
duration compared to other cohorts, indicative of more advanced disease stages and, consequently, a
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potentially more significant influence of current clinical characteristics on MF development. In contrast,
the ICEBERG cohort covers a population with a lower average body weight and BMI, which may
influence motor symptom progression due to differences in lifestyle, physical activity, and dietary
habits. Despite a similar disease duration to that observed in the ICEBERG cohort, the PPMI cohort
showed significantly lower scores across MDS-UPDRS Parts I to IIl and the SCOPA-AUT. This indicates
that factors other than disease duration may be implicated in the variations in symptom severity and
non-motor symptoms. Therefore, to account for these significant differences between the cohorts, our
interpretation of models and key predictive features for MF prognosis focuses on the results from the
cross-study modeling analyses.

Overall, these findings emphasize the significance of multi-cohort analyses in capturing the het-
erogeneity of PD populations. Incorporating data from different cohorts enables the development of
more robust and generalizable predictive models, ensuring they perform well across clinical settings
and patient demographics.

5.5.3 Comparative evaluation of cross-study integration

This study aimed to assess the impact of cross-study normalization on the predictive performance
of models for MF in PD. In multi-cohort analyses, cross-study normalization addresses the potential
variability in data from different studies. The assessment of normalized versus unnormalized models
revealed that, in general, cross-study normalization did not result in statistically significant improvements
in hold-out performance for either the comprehensive or refined models. This consistency was observed
in the leave-ICEBERG-out, leave-PPMI-out, and leave-LuxPARK-out analyses.

Implementing cross-study normalization methods in the cross-cohort study led to improvements in
the hold-out C-index for the optimized comprehensive time-to-MF model. This indicates that normalizing
study-specific biases and variations improves the model’s capacity for generalization across patient
cohorts. By reducing the influence of cohort-specific variations, normalization facilitated a better
prediction capability of MF outcomes, particularly in the context of time-to-MF analysis.

The findings of this study emphasize the necessity of considering cross-study normalization to
address inter-study variability and improve the reliability of predictive models in multi-cohort analyses.
While normalization can occasionally improve model performance, its overall impact may be limited.
Consequently, researchers must assess the necessity and efficacy of normalization on a case-by-case
basis, considering the specific characteristics and variability of the data.

5.5.4 Interpretation of models and predictive features

The association between levodopa medication and MF has been well-documented in previous studies
[134] |138]], particularly in the advanced stages of the disease [34]]. However, a recent trial provided
conflicting results [185]]. Despite the limitations imposed by the incomplete and inconsistent LEDD data
across the two cohorts, the statistical analysis within the LuxPARK cohort yielded valuable insights. Our
univariate analysis showed a significant association between levodopa use and MF, with higher LEDD
(> 400mg) correlating with increased MF risk [139,141]. However, considering multiple factors, our
multivariate ML models did not identify a statistically significant difference in the risk of MF on baseline
levodopa use. Furthermore, the KM curves did not reveal a significant impact. These results emphasize
the value of multivariate models for capturing complex interactions that univariate analyses might miss.
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Significant correlations between levodopa intake at baseline, disease duration, and H&Y stage of
0.47 and 0.34 (p = 5.4E-55 and 1.5E-27), respectively [34], suggest that levodopa may be indirectly
associated with disease progression. It should be noted that the variable “levodopa" refers only to
levodopa intake at baseline, not to LEDD. Moreover, the comprehensive and refined models showed
comparable hold-out performance in cross-cohort analyses, with no statistically significant differences.
This suggests that, despite the apparent influence of levodopa in univariate analyses, its predictive
value may be overshadowed by other strongly correlated predictors. The results show that predictors
associated with levodopa, such as disease duration, can maintain predictive capability when levodopa is
excluded, indicating that the refined model performs well.

Patients with more extended disease duration and higher H&Y stages are more likely to experience
MEF, as previously documented in the literature [[137]. This analysis verifies the notion that a longer
disease duration [[139}/141]], which reflects the progressive nature of PD [3}[35], is significantly associated
with a higher risk of MF [26]]. This indicates that patients with more advanced PD at baseline tend
to encounter instability in their motor functions [[186]]. As PD progresses, the therapeutic window of
levodopa narrows [[134], rendering it increasingly challenging to maintain stable motor control. Similarly,
earlier age at PD diagnosis was associated with longer disease duration (Spearman correlation of -0.22,
p = 3.4E-12), which is associated with a higher risk of MF (point-biserial correlation of 0.3, p = 6.7E-22).
This is because these patients often experience a slower disease progression; therefore, a longer disease
duration results in a higher risk of developing MF [[1}139].

Considering scores from commonly used PD symptom severity rating scales, higher baseline MDS-
UPDRS Part II scores, which indicate greater severity of motor impairments and the presence of rigidity
and freezing behaviors, also significantly predict the development of MF [143]]. This aligns with prior
expectations, as FoG is related to the OFF phase in most cases of PD, and ON/OFF phases define MF.
In general, impairments in movement speed and gait instability, as well as axial symptoms, including
postural instability, gait impairments, and rigidity, usually confined to the later stages of PD [|17,166]],
have already been associated with MF [17}|19}|166].

As PD progresses, patients frequently report an exacerbation of axial symptoms, including postural
instability and gait impairment. This symptom can lead to an increased risk of falls and difficulties in
performing activities of daily living [[187]. Axial symptoms positively correlate with MF and are more
prevalent in PD patients with GBA mutations [J5} |48]]. Furthermore, these symptoms correlate positively
with several motor impairments, including bradykinesia, dyskinesia, and rigidity, heightening MF.

Another hallmark of PD is rigidity, which affects axial and limb muscles, leading to difficulties
initiating and executing movements smoothly. There is a significant positive correlation between
rigidity and tremor and documented evidence of a correlation between resting tremor and rigidity
[19]. As rigidity progresses, it can lead to periods of increased stiffness and decreased mobility and is
associated with an increased risk of MF onset.

Additionally, tremor and rigidity are significantly correlated with the stage of PD, as documented in
Prashanth and Roy (2018) [|[17]]. Notably, tremor, a symptom frequently observed in the initial stages
of PD, negatively correlates with MF. This inverse relationship indicates that patients who experience
pronounced tremors may be less likely to develop MF [139]], which may be attributed to the milder
disease progression in tremor-dominant patients [[188].

Non-motor symptoms further complicate and exacerbate the burden of MF in PD. Higher scores
on MDS-UPDRS Part I, which assesses non-motor symptoms such as fatigue, correlate positively with
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an increased risk of MF. In addition, non-motor symptoms are less responsive to levodopa, and the
MDS-UPDRS Part I assessment of non-motor aspects of daily living may be a more reliable measure
of disease severity in treated patients [[143]]. Fatigue is a common nonmotor symptom in PD, affecting
up to 73% of patients with MF. This symptom displays a state of physical and mental exhaustion that
is disproportionate to the activity level, which reduces motivation and productivity. Consequently,
patients may experience a decreased engagement in hobbies and activities. Such fluctuations in motor
function negatively impact the ability to engage in these activities, affecting overall well-being and
quality of life.

In addition, dystonia significantly contributes to the burden of MF in PD, a movement disorder often
associated with LID, as documented in previous literature [140]. These disturbances frequently worsen
during OFF, negatively affecting mobility, sleep quality, and overall comfort. Consequently, rapid eye
movement sleep behavior disorder (RBD) and nighttime sleep problems positively correlate with MF.
GBA-PD patients are at an increased risk of experiencing RBD and show a more significant burden
of nonmotor symptoms, particularly sleep disturbances [[47,|48]]. At baseline, 70% of PD patients with
MF experienced nighttime sleep problems. Previous literature also indicates that LRRK2 mutations are
associated with sleep disturbances [[44]]. Furthermore, these sleep disturbances not only exacerbate
motor symptoms but also contribute to fluctuations in disease severity.

The progression of overall autonomic dysfunction, particularly in the urinary and gastrointestinal
(GI) tracts, has positively correlated with MF. In the context of MF in PD, autonomic dysfunction,
particularly GI issues, can impact the absorption of medications. Furthermore, levodopa transport
and absorption barriers contribute to developing motor complications [30,145]]. This dysfunction is
frequently documented before the onset of motor symptoms [144], resulting in various complications,
including oral issues such as drooling and swallowing difficulties. They are positively correlated with
MF. Drooling, often caused by swallowing difficulties, has negative effects, including difficulty eating
[33].

Furthermore, pathogenic GBA mutations are associated with a rapid disease progression [5]], and
an increased risk of developing MF [47,|186]], emphasizing the role of GBA mutations in heightening
MF in PD. Conversely, while pathogenic LRRK2 mutations are also associated with MF [[189], the effect
size is lower (HRs 2.0 and 3.8 for LRRK2 and GBA). In addition, both GBA and LRRK2 mutations have
been linked to dyskinesia [190], a common PD complication linked to MF, highlighting the multifaceted
impact of these genetic variants on the disease trajectory.

The Benton JLO test assesses visuospatial ability. The results of this test indicate that visuospatial
ability is negatively associated with the likelihood of experiencing MF in PD. This finding suggests
impaired visuospatial skills may predict motor decline [56]]. This association is further supported by
correlations with the H&Y stage and disease duration [45]]. The study highlights the interrelationship
between cognitive and motor domains in the progression of PD, with visuospatial function showing a
significant correlation with motor symptoms such as bradykinesia and rigidity [2]. Although the Benton
JLO test requires minimal motor skill [[63], deficits often reflect cognitive impairments that impact motor
functions. The Palermo et al. (2020) study observed a correlation between late-onset PD and lower
cognitive performance [172]. However, this association was not significant in our cross-cohort analysis.
In the context of genetic influences, individuals with GBA mutations show a notable progression of
motor symptoms and rapid cognitive decline [J5}/186], which correlates with pronounced impairments in
visuospatial abilities [47]. Conversely, LRRK2 mutations are associated with a lower risk of cognitive
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impairment in the literature [44]], although they may still influence visuospatial impairments related to
MF. These findings highlight the complex relationship between genetics, cognitive function, and motor
symptoms in PD.

Further investigation is required to clarify the relationship between body weight, BMI, and MF in PD.
Although our study defined body weight and BMI as predictors, no statistically significant associations
were found between these variables and the prevalence of MF. This finding suggests that, while there
might be some associations between body weight or BMI and MF, our cohorts did not provide strong
evidence to support these connections [143]]. Further research with more diverse cohorts may be needed
to clarify these potential associations.

5.5.5 Clinical utility and calibration

The comparison with the “treat all” and “treat none” strategies is a benchmark for evaluating the added
value of these predictive models. The optimized models’ consistently larger net benefit areas over these
baseline strategies emphasize their advantageous decision-making potential. These models ensure
interventions are more effectively targeted, potentially reducing unnecessary treatments and associated
costs.

The optimized predictive models for MF classification and time-to-MF analysis show considerable
clinical utility and reliable calibration, yielding valuable tools for personalized patient management. By
outperforming the “treat all” strategy, these models offer a more pronounced approach to treatment
decisions, enhancing the precision and effectiveness of interventions for patients at risk of MF. These
findings highlight these models’ potential to improve clinical outcomes and optimize the management
of PD.

The predictive models developed in this study offer valuable applications for improving clinical
trial protocols and enrollment strategies for MF-focused research in PD. First, these models can support
risk stratification by identifying patients at higher risk of developing MF, allowing for the selection
of enriched study populations for precision medicine trials. This approach may reduce sample size
and trial duration, improving efficiency and cost-effectiveness. Second, the identified predictors can
inform trial inclusion and exclusion criteria. For example, interventions aimed at preventing or delaying
MF could focus on patients with characteristics associated with a higher risk of MF, such as those
with PD-associated GBA and LRRK?2 variants, as highlighted by our models. Finally, these models may
facilitate personalized follow-up schedules in clinical trials, with higher-risk participants undergoing
more frequent monitoring to ensure early detection of MF onset.

5.6 Summary and conclusions

This study aimed to identify robust predictors of MF in PD by leveraging ML techniques and cross-
cohort data integration. By analyzing data from three distinct longitudinal cohorts (LuxPARK, PPMI,
and ICEBERG), the study showed the potential of ML models to predict MF with significant predictive
performance. The models identified multiple clinical features such as disease duration, LEDD, and
various motor and non-motor symptoms as significant predictors of MF.

As a key study finding, cross-cohort data integration increased the stability and generalizability of
the predictive models, reducing cohort-specific biases and improving overall robustness. The decision
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curve and calibration analyses confirmed the potential of these models for practical clinical decision-
making, showing that the models provide a greater net benefit compared to simple “treat all” and “treat
none” strategies. The PPMI cohort, with its larger sample size, showed superior predictive performance,
emphasizing the importance of sample size and long follow-up durations in prognostic ML model
development. However, the models with the highest stability and generalizability were obtained from
the cross-cohort integrative analysis.

In the cross-cohort analyses, baseline LEDD showed its association with MF, likely due to the joint
association of these variables with disease duration and progression. Additional significant predictors
include longer disease duration, advanced H&Y stages, MDS-UPDRS Part I scores, and the presence of
dyskinesia, FoG, axial symptoms, and rigidity. Conversely, tremors were inversely correlated with MF,
likely due to their slower progression. GI tract dysfunction may impact the transport and absorption of
levodopa, resulting in exacerbating MF.

Despite the promising results in prognostic model building using these features, several limitations
still need to be addressed for future clinical translation. The variability in hold-out performance metrics
across different cohorts indicates that individual patient characteristics and cohort-specific factors
significantly influence model accuracy. The reliance on features such as baseline LEDD, disease duration,
and non-motor symptoms underscores the multifacetedness and complexity of predicting MF onset, as
the individual factors can vary widely among patients. Future research should further optimize these
models across data from more diverse cohorts and tailor them to individual patient profiles to improve
treatment strategies and clinical outcomes for PD patients.

Overall, this study highlights the potential of interpretable ML models in predicting MF in PD,
emphasizing the benefits of cross-cohort data integration for improving model stability and generaliz-
ability. These findings may help lay the ground for designing precision medicine trials and developing
personalizd management strategies for MF in PD patients, aiming to improve their quality of life and
clinical outcomes.
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Chapter 6

Multi-cohort machine learning identifies
predictors of cognitive impairment in
Parkinson’s disease

Cognitive impairment represents one of the non-motor symptoms of PD. It ranges from mild cognitive
impairment (PD-MCI) to dementia and progressively affects various cognitive domains, including
memory, attention, executive functions, and visuospatial abilities [62,|191]]. These impairments can
manifest early in the onset of PD [2,{192]].

Among individuals diagnosed with PD for the first time, cognitive dysfunction is observed in
between 20 to 50% of cases [4}[13}]57,60]], indicating that this is a significant clinical concern. As the
disease progresses, the prevalence of cognitive decline increases, with 41.5% of PD patients experiencing
cognitive decline within three years [[60]. Approximately 5-10% of patients with PD-MCI transition
to dementia annually [7]]. The identification of predictive markers for cognitive decline can improve
clinical management, as early intervention may prove effective in slowing the progression of cognitive
dysfunction.

The assessment of objective cognitive impairment in PD typically uses standardized tests, such as
the Montreal Cognitive Assessment (MoCA). A score below 26 on the MoCA typically indicates PD-MCI
in individuals with PD. It is to assume that objective measures solely determine cognitive impairment in
PD. Patient-reported cognitive decline (PRCD), also called subjective cognitive impairment, is measured
based on patients’ perception of their cognitive decline and may only sometimes align with objective
assessments. Some patients report cognitive difficulties despite normal objective performance, while
others show deficits on neuropsychological tests without subjective complaints. These two measures,
though related [[193]], are only sometimes aligned. Some patients report cognitive difficulties despite
performing at expected levels on objective cognitive assessments. Conversely, some individuals may
not perceive cognitive decline despite neuropsychological test deficits.

Despite the expansion of research on cognitive impairment in PD, challenges remain. Previous
studies investigating cognitive decline in PD have concentrated on identifying cohort-specific predictors
within limited sample sizes [61}[191]. Although these studies have provided valuable insights, they often
need more generalizability due to the potential for cohort bias. The MoCA has been used extensively
for monitoring cognitive decline in patients with PD, with a score of less than 26 indicative of PD-MCI

101



[4,|57,60]]. Nevertheless, the relationship between objective cognitive measures and patient-reported
outcomes still needs to be better understood. A more comprehensive understanding of cognitive decline
in PD could be achieved by investigating objective and subjective measures of cognitive function.

Early identification of cognitive decline may facilitate the implementation of timely interventions
that could decelerate the progression of cognitive decline [57]]. These may include cognitive training,
pharmacological adjustments, or lifestyle modifications, which may confer benefits in slowing cognitive
decline [14]. In addition to its clinical implications, cognitive impairment in PD also has significant
economic consequences. There is a clear association between cognitive decline and higher healthcare
costs, driven by the increased demand for medical care and support [194].

Despite the growing body of research on cognitive impairment in PD, several challenges remain.
Multiple studies have concentrated on cohort-specific predictors utilizing smaller sample sizes, which
constrains the generalizability of their findings [5} |61, [191]]. Furthermore, the relationship between
clinical cognitive measures and patient-reported cognitive outcomes needs to be better understood,
necessitating further investigation.

The application of ML techniques offers considerable promise for developing predictive models of
cognitive impairment due to the fact that they can handle complex clinical data and reveal patterns that
may otherwise be overlooked by traditional statistical methods [7,116]. Nevertheless, the application of
ML in cognitive impairment research has predominantly been confined to single-cohort studies, thereby
hindering the development of more comprehensive and generalizable models across diverse patient
populations.

Previous studies on cognitive impairment in PD have applied various data types and methodologies
to examine the progression and risk factors associated with cognitive decline. Several studies have
concentrated on the relationship between motor dysfunction and cognitive performance. For example,
small-sample cohort studies using linear regression and Spearman’s rho correlation have repeatedly
shown significant correlations between motor deficits, such as balance and gait impairment, and
cognitive decline, suggesting a close connection between these two domains in PD progression [2,
43| |61]. Furthermore, a longitudinal study involving PD patients and healthy controls revealed that
progressive cortical thinning, particularly in areas associated with visuospatial functions, significantly
contributes to cognitive decline over time [[191]].

Moreover, prior research has indicated that baseline cognitive function can predict the progression of
motor disability in PD, thereby emphasizing the dynamic interaction between cognitive impairment and
motor symptoms as the disease advances [[56]]. Larger cohort studies have used more robust statistical
techniques to identify predictors of cognitive impairment. For instance, in a cohort of 294 PD patients
from the PPMI study, baseline cognitive assessments and neuropsychiatric measures were shown to
forecast the probability of cognitive decline over time [60]. Similarly, other studies utilizing MoCA scores
from the PPMI cohort have reinforced the importance of early cognitive assessments by examining their
correlation with cognitive performance [4}|195].

In recent years, ML approaches have emerged as a tool for analyzing complex interactions between
clinical, genetic, and imaging data. To illustrate, Almgren et al. (2023) developed and validated multimodal
ML models to predict continuous cognitive decline in PD patients, utilizing a range of data sources.
The models showed improved accuracy in discerning patterns of cognitive decline in comparison to
conventional methodologies, highlighting the potential of ML techniques to facilitate the early detection
and intervention strategies for cognitive impairment in PD [[14]).
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Cognitive impairment with various clinical features that contribute to the progression of dysfunction,
including motor disability features, is closely linked to worsening cognitive outcomes [56]]. Furthermore,
studies have indicated that PD patients with more significant motor impairment, including postural
instability, are at an increased risk of cognitive decline [[196]. Furthermore, non-motor symptoms, such
as apathy, have been shown to correlate with the emergence and advancement of cognitive impairment
in patients with PD [46||196].

Several risk factors have been identified as contributing to an increased risk of cognitive decline in
patients with PD, particularly in those with more advanced disease stages. As the disease progresses,
prolonged duration is also associated with an exacerbation of cognitive decline due to the accumulation
of neurodegeneration [196]. Elder age is a well-established predictor of cognitive decline in patients
with PD. Compared to younger patients with PD, older patients show a faster rate of cognitive decline
[60]. Similarly, the severity of parkinsonism is associated with an increased risk of cognitive dysfunction
[13], particularly in patients with advanced disease [45]. Additionally, gender differences have been
observed, with women typically demonstrating superior performance in global cognition, memory, and
language domains, while men tend to excel in visuospatial tasks [3].

Autonomic dysfunction, including gastrointestinal disturbances, has been identified as a predictor
of cognitive decline in early PD [[197]. Gastrointestinal symptoms, including constipation, have been
shown to correlate with diminished cognitive performance and an accelerated progression to dementia
[145], indicating a potential association between gut dysfunction and cognitive decline in PD.

This study aimed to address existing knowledge gaps by developing and validating ML models that
used clinical data from multiple independent cohorts to predict both PD-MCI and PRCD in PD patients.
By utilizing a cross-cohort approach, including leave-one-cohort-out validation, the study guaranteed
that the predictors of cognitive impairment were applicable across diverse PD populations. The findings
from this research can improve early detection strategies, facilitate a deeper comprehension of the
factors that contribute to cognitive decline, and ultimately inform the development of more personalized
interventions for PD patients at risk of cognitive impairment.

6.1 Rationale for the study

Cognitive impairment represents a prevalent non-motor symptom in PD. Despite the ongoing research
in this field, there are still gaps in our understanding of the predictors of cognitive impairment and
the progression of CI in PD. Many studies have focused on particular cohorts and used smaller sample
sizes, challenging the generalization of their findings to different PD populations. Furthermore, the
relationship between clinical cognitive assessments and patient-reported cognitive outcomes needs to
be better understood, which challenges accurate diagnosis and management.

ML can help address these issues by analyzing complex clinical data and identifying patterns that
traditional methods may overlook. However, most ML studies on cognitive impairment in PD have been
limited to a single cohort, which limits the generalizability of their findings.

This study aims to address these challenges by utilizing ML models to predict both PD-MCI and
PRCD in patients with PD across multiple independent cohorts. The objective of using a cross-cohort
approach, including leave-one-cohort-out validation, is to develop more generalizable and reliable
models. Generally, this research has the potential to improve the early identification of cognitive decline
and facilitate the development of more tailored treatments for PD patients at risk of mild cognitive
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impairment.

6.2 Objective of the current study

The main goal of this study is to develop and validate ML models that can predict PD-MCI and PRCD
in patients with PD. The study aims to develop generalizable predictive models across diverse PD
populations by incorporating clinical data from multiple independent cohorts. By utilizing a cross-cohort
methodology, the study aims to improve early detection strategies for cognitive decline and to advance
our comprehension of the factors associated with cognitive impairment. The specific objectives of this
chapter are outlined as follows:

1. Integrate cross-cohort analysis and cross-study normalization:
Applying cross-study normalization techniques will ensure the analysis is conducted to account for the
variation in measurement and findings regarding cognitive impairment across diverse PD populations.

2. Develop predictive models utilizing ML techniques:

The study aims to identify complex patterns and relationships within large clinical datasets from multiple
cohorts that traditional statistical methods may overlook. The predictive models will be evaluated for
their performance to ensure they provide reliable predictions for clinical use.

3. Identify key factors associated with cognitive impairment in PD patients:

The study will analyze the data to identify significant predictors, such as age, disease duration, and
motor & non-motor symptoms. An understanding of these risk factors will not only improve early
detection strategies but will also inform the development of target interventions tailored to the individual.

By focusing on these key areas, the study aims to contribute substantially to advancing our knowledge
and enhancing our ability to manage cognitive impairment associated with PD. Ultimately, this should
improve the quality of care provided for those affected.

6.3 Research methodology

This study uses research methodologies to analyze PD-MCI and PRCD in patients with PD, utilizing data
from multiple independent cohorts. Section 3.1 outlines the information for the selected PD cohorts.
The baseline variables were selected based on consistent availability across all three cohorts, ensuring
comparability for cross-cohort analyses. The variables contain demographic data, assessment of disease
severity, clinical evaluations of both motor and non-motor symptoms, and pathogenic gene mutations
linked to PD. This approach enables building predictive models for both PD-MCI and PRCD, thereby
enhancing the generalizability of the findings across different PD populations.

6.3.1 Inclusion criteria

This study used data from three independent PD cohorts. The LuxPARK, PPMI, and ICEBERG studies.
The participants were selected based on two inclusion criteria:
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(1) All participants were required to meet the diagnostic criteria for PD. The LuxPARK and ICEBERG
cohorts were assessed according to the UK Parkinson’s Disease Society Brain Bank (UKPDSBB) criteria
[154]. However, the PPMI cohort was required to show at least two of the following characteristics:
resting tremor, bradykinesia, or rigidity, with either resting tremor or bradykinesia being one of the
symptoms; or a single asymmetric resting tremor or asymmetric bradykinesia [[103]].

(2) Participants were required to either have a clinically confirmed presence of PD-MCI or PRCD (PD-
MCI+ or PRCD+) within four years of the baseline visit or to have a confirmed absence of these cognitive
symptoms (PD-MCI- or PRCD-) within the same period.

The MoCA score was used to define PD-MCI. Individuals with PD-MCI+ were classified as having
a MoCA score of less than 26, while those with PD-MCI- had a score of 26 or above. The assessment
of PRCD was conducted using item 1.1 of the MDS-UPDRS Part I. The classification of PRCD was
determined as follows: PRCD+ was defined as a score > 1, while PRCD- was defined as a score < 1. It is
important to note that the analyses of PD-MCI and PRCD were conducted separately to facilitate the
distinction between these two cognitive outcomes.

The study focuses on both single-cohort and multi-cohort analyses for the LuxPARK, PPMI, and
ICEBERG cohorts. The data was examined for up to four years following the baseline visit for PD-MCI and
PRCD classification to determine the relationship between baseline clinical characteristics and cognitive
outcomes. The time-to-event analysis was extended to the point of conversion to PD-MCI+/PRCD+
(events), or the end of the follow-up period known as censored.

Baseline characteristics represent the clinical assessment conducted at the baseline visit for each
cohort. In particular, MDS-UPDRS Part III was conducted exclusively during the ON state for participants
in the LuxPARK cohort. Consequently, the cohort-specific assessment protocol limited all analyses
involving MDS-UPDRS Part III to solely ON state data.

The number of patients with PD who met the study’s inclusion criteria for PD-MCI and PRCD is
detailed in Tables[6.1|and|[6.2] respectively. Table [6.1] presents the distribution of participants classified as
PD-MCI+ or PD-MCI- based on MoCA score across the three cohorts, while Table[6.2]provides a summary
of the number of individuals categorized as PRCD+ or PRCD- using the MDS-UPDRS Part 1.

The multi-cohort approach is designed to facilitate the development and validation of ML models
capable of identifying reliable predictors of cognitive impairment across diverse PD populations. Incor-
porating data from multiple independent cohorts represents a significant advancement in this field of
study, as it addresses the limitations of previous research, which often relied on single-cohort studies
lacking generalizability. The cross-cohort analysis improves the possibility of identifying reliable and
clinically significant markers of cognitive decline in PD, thereby facilitating the development of more
precise predictive models.

6.3.2 Machine learning framework

The ML framework for this study is designed to facilitate the development of predictive models for
PD-MCI and PRCD in PD across multiple cohorts. The framework incorporates a data preprocessing
pipeline described in Section [3.2] which ensures data quality and consistency across diverse cohorts
and enables effective modeling. The following writing outlines the key components of the ML framework:

1. Data aggregation: As detailed in Section [3.2.1] the data aggregation process aggregates rele-
vant variables to reduce data dimensionality while preserving information on each participant’s clinical
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Table 6.1 Number of patients meeting inclusion criteria for PD-MCI analysis.

Cohort Inclusion Inclusion Events Events
criteria (1) criteria (2) PD-MCI Classification Time-to-PD-MCI
LuxPARK 706 531 467 (87.9%) 471 (88.7%)
PPMI 1624 625 393 (62.9%) 462 (74.2%)
ICEBERG 162 117 56 (47.9%) 56 (47.9%)
Total 2492 1273 916 (72.0%) 989 (77.7%)

Number of patients who met the inclusion criteria and the distribution of the events. The “Events” columns show the total number and
percentage of subjects who developed PD-MCI during the specified period. PD-MCI classification was performed up to 4 years of follow-up,

and time-to-PD-MCI analysis was performed up to the last available follow-up visit for each patient.

Table 6.2 Number of patients meeting inclusion criteria for PRCD analysis.

Cohort Inclusion Inclusion Events Events
criteria (1) criteria (2) PRCD Classification Time-to-PRCD
LuxPARK 706 412 279 (67.7%) 291 (70.6%)
PPMI 1624 524 147 (28.1%) 285 (54.4%)
ICEBERG 162 117 61 (52.1%) 61 (52.1%)
Total 2492 1053 487 (46.2%) 637 (60.5%)

Number of patients who met the inclusion criteria and the distribution of the events. The “Events” columns show the total number and
percentage of subjects who developed PRCD during the specified period. PRCD classification was performed up to 4 years of follow-up, and
time-to-PRCD analysis was performed up to the last available follow-up visit for each patient.

features. This approach facilitates the interpretation of predictors by aggregating the data inputs,
thereby focusing on clinically meaningful features.

2. Cross-validation framework: Data processing steps were implemented to manage missing
values, categorical variables encoding and standardizing continuous variables to facilitate consistent
multi-cohort analysis. Missing values were imputed within each fold of the cross-validation process,
as outlined in Section ensuring that the imputation was implemented independently for each
training and testing fold. This approach served to minimize data leakage, thereby enhancing the
robustness and reliability of the model. Subsequently, categorical variables were transformed into
numerical representations by applying categorical encoding techniques, as detailed in Section [3.2.3] This
conversion permitted the incorporation of categorical data into ML models without compromising data
integrity, thereby maintaining the distinct characteristics of each variable. Subsequently, cross-study
normalization techniques, as outlined in Section [3.2.4] were applied to continuous variables to reduce
cohort-specific biases and ensure consistency across different cohorts in the multi-cohort analyses. The
alignment of scales and distributions of continuous variables through normalization enabled cross-study
comparisons and improved the generalizability of the predictive models developed in this study.

3. Undersampling technique: To address the issue of class imbalance in the outcome variables, an
undersampling technique was applied to the training set, as detailed in Section [3.2.5] The objective of
this method was to achieve a more balanced distribution of the outcome classes by reducing the size of
the majority class. This ensured that the ML models trained on these data could more effectively learn
patterns within minority class. By focusing the undersampling technique exclusively on the training set,
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the evaluation of the model on the test set remained unaffected, thus enabling a fair assessment of the
model’s performance on imbalanced real-world data. This approach helped to prevent the model from
showing bias towards the majority class, thereby enhancing the model’s sensitivity and robustness in
predicting both PD-MCI and PRCD outcomes.

4. Nested cross-validation: This study applied a nested cross-validation framework to optimize model
performance by integrating feature selection with hyperparameter tuning, as outlined in Section [3.2.6]
In each iteration of the nested process, feature selection techniques were applied to identify the most
relevant and informative predictors for PD-MCI and PRCD. The model’s interpretability and potential
generalizability can be improved by focusing on the most significant predictors associated with cognitive
impairment. Applying feature selection and hyperparameter tuning within a nested framework was
important to prevent overfitting and improve the capability to generalize on unseen data. The application
of feature selection prevented the model from being overwhelmed by less relevant predictors, while
hyperparameter tuning optimized the model parameters to achieve the optimized predictive results.
Moreover, these techniques supported the development of robust models with improved generalization
across diverse PD cohorts, facilitating the identification of risk factors associated with PD-MCI and
PRCD in PD.

A four-year follow-up period was applied to differentiate patients into groups of PD-MCI+ vs. PD-
MCI-, and PRCD+ vs. PRCD-, using ML classification techniques. As detailed in Section several
classification algorithms were used within a cross-validation framework. This approach ensured the
reliability of the model assessment and enabled the evaluation of predictive performance across cohorts.
In addition to classification, a time-to-event analysis (see Section was conducted to consider the
duration until the diagnosis of PD-MCI (time-to-PD-MCI) or PRCD (time-to-PRCD). Furthermore, these
approaches ensured a comprehensive assessment of both the probability and the time to cognitive
impairment, thereby enhancing the potential for early identification and intervention in at-risk patients.

Model interpretability techniques, such as SHAP values, were implemented to improve the in-
terpretability of the ML models, as detailed in Section The SHAP value facilitates an in-depth
comprehension of how each feature contributes to the model’s predictions, quantifying the impact
of individual predictors on the probability of PD-MCI and PRCD outcomes. By attributing prediction
impact to each feature, SHAP values provide insights at the feature level, thus enabling the identification
of key variables influencing cognitive impairment. This interpretability is to identify clinically relevant
predictors and ensure the model’s applicability in practical settings for PD patient care.

To further examine the risk associated with individual predictors in cognitive impairment outcomes,
hazard ratios were derived by integrating SHAP values, as outlined in Section[3.6] This approach provides
a metric that captures the contribution of each predictor to the model’s predictions and reflects its
influence over time on the likelihood of developing PD-MCI or PRCD. The resulting estimates facilitate
the interpretation of risk factors, thereby enabling a more profound comprehension of the relative
importance of predictors and their role in progressing to cognitive impairment in PD.

The predictive performance of the models was evaluated through two primary metrics, as outlined
in Section In the context of binary classification tasks, the AUC was used to evaluate the model’s
capacity to differentiate between patients showing mild cognitive impairment (PD-MCI+) and those
without (PD-MCI-), as well as between reported mild cognitive impairment by the patients (PRCD+) and
those patients did not report so (PRCD-). In the context of time-to-event analysis, the C-index was used
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to assess the predictive capability of the models in estimating the time until the occurrence of events
(PD-MCI and PRCD), taking into account the presence of censored data.

Furthermore, to assess the impact of cross-study normalization, each cohort compared the predictive
capability and generalizability of non-normalized and normalized models. This comparative analy-
sis aimed to confirm which cross-study normalization techniques improved the generalizability and
robustness of the models across different PD cohorts.

The Bayesian signed-rank test was used to calculate cross-validated performance metrics to evaluate
the various models’ predictive performance. This statistical approach enabled a comparison of the
performance of the models, with the probability of one model outperforming another being calculated.
By applying this methodology, we could measure probabilities that indicated the likelihood of superiority
for each model based on their respective performance metrics, such as AUC for binary classification and
the C-index for time-to-event analysis. This approach provides the comparison of models and offers
insights into the relative efficacy of predictive models, thereby aiding the selection of the model for
clinical applications in identifying the possibility of cognitive impairment in PD patients.

Optimizing the model for each cohort analysis aims to ensure its reliability and generalizability.
A stable model shows robustness by maintaining consistent performance across various subsets of
the data, indicating that it is flexible to specific data points or characteristics within the cohorts. This
reliability ensures that the model can generalize effectively to unseen data samples, a requirement for
clinical applicability. By evaluating the model’s performance across different cohorts and ensuring it
consistently performs well, greater confidence can be placed in its predictive capabilities and ability to
predict cognitive impairment in PD patients across diverse cohorts.

In the single cohort analyses, selected feature statistics were assessed across the 5-fold cross-
validation process to identify consistent predictors of PD-MCI and PRCD. The objective was to evaluate
the consistency of the selected predictors throughout the model training and evaluation iterations by
calculating the percentage frequency of each feature across each fold. This analysis yielded insights into
the consistency and variability of feature selection, showing which features were consistently selected
across different folds and which showed variability in their selection. Understanding these patterns is to
determine the most robust predictors associated with PD-MCI and PRCD, as discussed in Section 3.8
This approach improves our confidence in the identified features and informs future model development,
ensuring that the most relevant clinical characteristics are prioritized in predictive models.

6.3.3 Statistical analysis

This study conducted a statistical analysis over four years to evaluate the relationships between predictors
and outcomes, specifically PD-MCI and PRCD. A univariate analysis was conducted to assess the
relationship between each predictor and the outcomes, specifically between PD-MCI+ and PD-MCI- and
between PRCD+ and PRCD-. This analysis used hypothesis testing to test whether statistically significant
differences existed in the outcomes and the baseline predictors. Furthermore, a correlation analysis
was performed to investigate the interrelationships between the various predictors, offering insights
into how these variables are associated, thus contributing to the overall interpretation of the data and
supporting the study’s findings on cognitive impairment in PD. The level of statistical significance was
set at 5% (p < 0.05). The specific methodologies and techniques used for these statistical analyses are
detailed in Section [3.9, ensuring reproducibility in the analysis approach.
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6.3.4 Clinical utility analysis

This study performed clinical utility analyses, specifically decision curve analysis (DCA) and calibration
analysis, as detailed in Section The main objective of these analyses was to assess the applicability
and efficacy of the predictive models in a clinical context.

Through the application of DCA, the predictive models’ net clinical benefit was assessed compared
to alternative strategies, such as the “treat all” approach. The AUNBC for the optimized models was
calculated and subsequently compared to the AUNBC for the “treat all” strategy. A higher AUNBC
indicates that the model provides a more significant net benefit than standard practices, thereby empha-
sizing its potential value in clinical decision-making. This comparison enabled us to assess whether our
models could offer a clinically meaningful improvement. Bootstrapping hypothesis testing was used to
derive p-values and assess the significance of the model’s AUNBC. Adjusted p-values were calculated
using the Benjamini-Hochberg method to account for multiple comparisons, ensuring the findings’
robustness.

A calibration analysis was conducted to compare the predicted probabilities from the models with
the actual observed outcomes for both PD-MCI and PRCD classifications. Furthermore, the predicted
conversion probabilities were examined against the observed conversion probabilities, as measured by
Kaplan-Meier (KM) estimates at the 4-year, for the time-to-PD-MCI and time-to-PRCD models. The
calibration was evaluated by measuring the slope and MSE of the calibration curve, thereby providing
insights into the degree of alignment between the predicted probabilities and the actual outcomes.

Clinical utility analysis supports the applicability of the model results while emphasizing their
relevance in clinical practice. Ultimately, it improves patient care through the informed clinical decision-
making process.

6.3.5 Code availability

R (v4.2.1) was used for data processing, normalization, and statistical analyses, while Python-3.8.6-
GCCcore-10.2.0 was used for ML predictions. The open-source code is available in the GitLab repository
under the MIT license at

https://gitlab.com/uniluxembourg/lcsb/bds/ml-cognitive-impairment.

6.4 Results

6.4.1 Individual cohort analyses

The predictive performance of the ML models for identifying PD-MCI and PRCD was initially evaluated
in three cohorts: LuxPARK, PPMI, and ICEBERG.

PD-MCI classification (see Table [6.3): In the LuxPARK cohort, the model with the highest hold-out AUC
achieved an average cross-validated AUC of 0.70+0.07 and a hold-out AUC of 0.70, demonstrating
good consistency between cross-validation and hold-out validation. The PPMI cohort demonstrated
comparable performance, with an average cross-validated AUC of 0.701+0.04 and a hold-out AUC of
0.69, indicating robust generalizability within this cohort. However, due to its smaller sample size, the
ICEBERG cohort showed lower predictive performance, as evidenced by the results compared to the
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LuxPARK and PPMI cohorts (see Figure[6.1).

Time-to-PD-MCI analysis (see Table : In the LuxPARK cohort, the model demonstrated a cross-
validated C-index of 0.7240.06 and a hold-out C-index of 0.63, indicating moderate predictive ability.
The PPMI cohort showed a cross-validated C-index of 0.66+0.07 and a hold-out C-index of 0.64,
which, although slightly lower than that observed in the LuxPARK cohort, still reflects a signifi-
cant predictive capability for time-to-PD-MCI. The predictive capacity of the models in the ICEBERG
cohort was once more constrained by the smaller sample size, which limited their efficacy (see Figurel6.2).

PRCD classification (see Table [6.5): In the LuxPARK cohort, the optimized model demonstrated
an average cross-validated AUC of 0.6910.11, with a hold-out AUC of 0.63, suggesting a moderate
capacity for classifying PRCD cases. The PPMI cohort showed slightly superior performance, with an
average cross-validated AUC of 0.71£0.08 and a hold-out AUC of 0.70. As observed in previous analyses,
the smaller sample size in the ICEBERG cohort resulted in lower average cross-validated and hold-out
AUC performance (see Figure[6.3).

Time-to-PRCD analysis (see Table[6.6): Regarding time-to-PRCD prediction, the PPMI cohort demon-
strated the highest performance, with a promising average cross-validated C-index of 0.76£0.04 and
the best hold-out C-index of 0.70. The LuxPARK cohort showed a lower best average cross-validated
C-index of 0.69+0.08, yet a comparable best hold-out C-index of 0.71. As previously observed, the
limited sample size in ICEBERG resulted in lower predictive performance than LuxPARK and PPMI for
this analysis (see Figure[6.4).

Common predictors: The PD-MCI and PRCD analyses identified age at diagnosis of PD and base-
line MoCA score as the most consistent predictors of future cognitive development (Table[6.7). In the
case of PD-MCI, additional consistent predictors were identified as Benton Line Orientation (JLO) and
cognitive impairment assessed within the MDS-UPDRS Part I at baseline (Table left). In the PRCD
analysis, predictor variables such as the MDS-UPDRS Part I and II total scores, SCOPA-AUT symptoms
(particularly gastrointestinal and urinary symptoms), and disease duration since PD diagnosis were
found to be most strongly associated with future patient-reported cognitive outcomes (Table right).

Overall, these results indicate that while there is an overlap in the predictors of clinical measures of

cognition (e.g., PD-MCI) and patient-reported cognitive outcomes, some of the identified associations
are specific to the type of cognitive outcome being assessed.
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Table 6.3 Predictive performance metrics for PD-MCI classification in single-cohort analyses.

Algorithm L:z::iRK Number Hl:)ll)g-“ Number Igli?dE-RG Number
I\(/\selz)x)n out of I\(Asela;)n out of A{‘;S;‘ out of
AUC features AUC features AUC features
AdaBoost (3:17(2);) 0.557 3(9) (g:g?g) 0.663 1(1) (8:163(3)) 0.451 6 (11)
CART ( 0%6988) 0.503 8 (1) (g:gig) 0.663 101) ( 0?65;5 T 101
CatBoost (3:16(9)2) 0.502 10 (15) (g:gzi) 0.637 7(12) (z:f‘:;) 0.674 5(7)
C45 (g:gg’;) 0.456 4 (6) (g:;ﬂ) 0.694 2(3) (8:?4312) 0.527 4(8)
FIGS (S:g:;‘) 0.530 3(7) (3;§§§) 0.663 101) (3133?) 0511 3(6)
SSESSTE'S (3:233) 0.534 9(18) (8:3;;) 0.659 21 (38) (8:15?3) 0.563 6(13)
GBoost (g:f;g;) 0.589 8(17) (3;;?) 0.707 5(20) ( 0(?‘15219) 0.479 4(8)
HS (3:161712) 0.565 3(6) (3;§§§) 0.663 101) (8:(5);2) 0.500 1)
XGBoost (zjz ) 0702 5(6) (g:ggg) 0.645 32 (50) (8:153;) 0.534 18 (25)

An overview of the PD-MCI prognostic classification’s predictive performance statistics summarizes the PD-MCI prognostic classification’s
predictive performance statistics in single cohort analyses. The optimized models are listed with cross-validated and hold-out AUC values
and the corresponding number of features used in each optimized model. Models with the highest average AUC scores in the cross-validation
of the cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in italics. The column labeled
‘Number of features’ displays the number of candidate features selected during nested cross-validation. The number in front of the brackets
indicates the number of selected predictive features in the cross-validation determined through permutation importance analysis.
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Table 6.4 Predictive performance metrics for time-to-PD-MCI in single-cohort analyses.

Algorithm LuxPARK PPMI ICEBERG
Mean H(:)Lll(ti— Nur:fber Mean H(;)l:;i— Nur:fber Mean H:J(ti— Nun;lfber
(SD) C-index features (SD) C-index features (SD) C-index features
CW- 0.720 0.612 0.57
CBoost (©00s0) 633 10 (24) 0.018) 0.601 10 (16) 0173) 0.558 5 (8)
Extra Sur-| 0.676 0.657 0.644
vival ©0060) 6% 94 (132) (0.047) 0.641 13 (13) o1s6) 5% 45 (77)
Survival 0.640 0.66 0.521
GBoost (0.084) 0.589 8(13) (0.036) 0.682 14 (23) (0.067) 0.577 10 (21)
0.630 0.646 0.625
LSVM (0.059) 0.548 19 (19) ©0os1) 07?2 28 (28) 0112) 0.591 11(11)
0.606 0.627 0.564
NLSVM (0.055) 0.611 174 (174) (0.048) 0.682 36 (36) (0.081) 0.521 77 (79)
Penalized 0.652 0.631 0.500
Cox (0.074) 0.597 3(3) (0.043) 0.677 1(3) 0012 614 7(7)
. 0.694 0.66 0.603
Survival RF (0.062) 0.590 4 (4) (©0068) 6% 9 (11) 0137) 0.495 62 (80)
Survival 0.657 0.626 0.541
611 14 (24 . 11 . 4
Trees ©0060)  ’° @) | goas) 0058 SUD | oq3g 092 ®)

An overview of the time-to-PD-MCI predictive performance statistics summarizes the time-to-PD-MCI predictive performance statistics
in single cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the corresponding number of
features used in each optimized model. Models with the highest average C-index in the cross-validation of the cohort analyses are highlighted
in bold. The model with the highest hold-out C-index is indicated in italics. The column labeled ‘Number of features’ displays the number of
candidate features selected during nested cross-validation. The number in front of the brackets indicates the number of selected predictive
features in the cross-validation determined through permutation importance analysis.
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Table 6.5 Predictive performance metrics for PRCD classification in single-cohort analyses.

Algorithm L:z:’(ﬁRK Number HI:)ll)g-“ Number Igli?dE-RG Number
I\(/\selz)x)n out of I\(Aseg)n out of I\(/lseS;I out of
AUC features AUC features AUC features
AdaBoost (Z:g;;) 0.631 7(19) (g:ggf) 0.599 4 (5) (z:gjz) 0.615 1(1)
CART (g:g;z) 0.599 7 (14) (g:gii) 0.570 1) (8:(6);;) 0.538 6(7)
CatBoost (g:gzi) 0.604 13 (28) (g:;g?) 0.663 8 (16) (8:1723) 0.596 7(14)
C45 (gjf)g?) 0.543 5 (15) (g:g;’z) 0.570 1(6) (g:fjf) 0.615 2(3)
FIGS (S:gg;) 0518 8(17) (g:gjz) 0.570 10) (Z:f‘;“;) 0.615 2(4)
SSESSTE'S (g:g;?) 0.570 19 (30) (8:2;3) 0.606 14 (27) (8:1722) 0.519 7(7)
GBoost (3:232) 0.580 15 (26) (g:ggg’) 0.649 15 (23) (ggg’) 0.500 3(5)
HS (3:332) 0.482 1) (31323) 0.570 10) (Z:f‘;“;) 0.615 2(4)
XGBoost (8:]6?:) 0.592 13 (15) (z_‘zjg) 0.698 27(35) (ngéz) 0.500 19 (24)

An overview of the PRCD prognostic classification’s predictive performance statistics summarizes the PRCD prognostic classification’s
predictive performance statistics in single cohort analyses. The optimized models are listed with cross-validated and hold-out AUC values
and the corresponding number of features used in each optimized model. Models with the highest average AUC scores in the cross-validation
of the cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in italics. The column labeled

‘Number of features’ displays the number of candidate features selected during nested cross-validation. The number in front of the brackets

indicates the number of selected predictive features in the cross-validation determined through permutation importance analysis.
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Table 6.6 Predictive performance metrics for time-to-PRCD in single-cohort analyses.

Algorith LuxPARK PPMI ICEBERG
gorrthm Mean Hold- Number Mean Hold- Number Mean Hold- Number
(SD) out of (SD) out of (SD) out of
C-index features C-index features C-index features
CW- 0.647 0.725 0.665
CBoost ©oz1) 77 14 (14) 0.061) 0.743 13 (26) 0.126) 0.599 7 (10)
Extra Sur- 0.648 0.725 0.773
. 1 1 . 14 (14 . 1
vival (0.11) 0685 58 (162) 0027y 0730 (14) (0083 % 102
Survival 0.664 0.756 0.714
CBoost (0.035) 0.679 26 (51) ©03) *7% 22 (50) 0112) 0.392 21 (28)
0.654 0.737 0.719
LSVM 0073) 0.624 11311) (0.021) 0.722 26 (26) 0218) 0.603 5 (5)
0.64 0.742 0.664
LSVM .64 11 (11 . 1 (31 4 10 (1
NLSV (0.064) 0.640 (1) (0023 0762 31(31) 0233) 0.477 0 (10)
Penalized 0.615 0.752 0.623
Cox 0.109) 0.615 1(3) 0032) 0.724 15 (48) (0.241) 0.579 2(2)
. 0.689 0.715 0.811
Survival RF (0.075) 0.66 99 (123) (0.041) 0.739 11 (12) o11a) 5% 42 (61)
Survival 0.661 0.693 0.723
. 1 . 1 .604
Trees (0.067) 0% 7@8) 1 gorg) 0082 7070 | 249 060 2(2)

An overview of the time-to-PRCD predictive performance statistics summarizes the time-to-PRCD predictive performance statistics in single
cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the corresponding number of features used
in each optimized model. Models with the highest average C-index in the cross-validation of the cohort analyses are highlighted in bold. The
model with the highest hold-out C-index is indicated in italics. The column labeled ‘Number of features’ displays the number of candidate
features selected during nested cross-validation. The number in front of the brackets indicates the number of selected predictive features in
the cross-validation determined through permutation importance analysis.

6.4.2 Multi-cohort analyses

To address the limitations of single-cohort studies and develop more generalizable models, we conducted
multi-cohort integrative analyses to predict PD-MCI and PRCD in PD.

PD-MCI classification (see Table [6.8): In the cross-cohort analysis, the optimized model demonstrated
an average cross-validated AUC of 0.6910.03, with a hold-out AUC of 0.65. This performance was
comparable to the optimized results observed in the single-cohort analyses, while also providing a
model that is applicable across distinct cohorts. The PD-MCI classification models’ hold-out predictive
performance showed consistent trends across precision, recall, F-score, accuracy, balanced accuracy, and
AUC scores (data is not shown in the thesis). This consistency highlights the robustness of the models
in predicting PD-MCI The leave-ICEBERG-out analysis indicated the presence of overfitting in the
majority of models, as evidenced by reduced hold-out performance. This can be attributed to the smaller
sample size of this cohort. The model with the highest performance (GBoost) achieved an average
cross-validated AUC of 0.67+0.04 and a hold-out AUC of 0.60, indicating a higher generalization error
than the cross-cohort analysis. In contrast, the leave-PPMI-out and leave-LuxPARK-out models showed
comparable predictive performance to the cross-cohort analysis, with average cross-validated AUCs
of 0.7010.07 and 0.6940.03 and hold-out AUCs of 0.63 and 0.65, respectively. These findings indicate
that the predictive efficacy of multi-cohort models remains consistent even when a single cohort is
excluded from the training process. However, the slight decline in performance when compared to
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Figure 6.1 Comparison of cross-validated AUC scores for PD-MCI classification model.
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A comparison of cross-validated AUC scores and probabilities of better predictive performance for the optimized PD-MCI classification model
in cross-cohort analyses. The upper part displays boxplots of the cross-validated AUC scores for each cohort, while the lower part shows
the probabilities of one cohort’s predictive performance being better than another’s. The arrows indicate higher probabilities of predictive
performance. They point towards the cohort with the higher probability of better performance for the optimized model.
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Figure 6.2 Comparison of cross-validated C-indices for time-to-PD-MC/I model.
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A comparison of cross-validated C-indices and probabilities of better predictive performance for the optimized time-to-PD-MCI model in
cross-cohort analyses. The upper part displays boxplots of the cross-validated AUC scores for each cohort, while the lower part shows
the probabilities of one cohort’s predictive performance being better than another’s. The arrows indicate higher probabilities of predictive
performance. They point towards the cohort with the higher probability of better performance for the optimized model.
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Figure 6.3 Comparison of cross-validated AUC scores for PRCD classification.
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A comparison of cross-validated AUC scores and probabilities of better predictive performance for the optimized PRCD classification model
across cohort analyses. The upper part displays boxplots of the cross-validated AUC scores for each cohort, while the lower part shows
the probabilities of one cohort’s predictive performance being better than another’s. The arrows indicate higher probabilities of predictive
performance. They point towards the cohort with the higher probability of better performance for the optimized model.
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Figure 6.4 Comparison of cross-validated C-indices for time-to-PRCD model.
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A comparison of cross-validated C-indices and probabilities of better predictive performance for the optimized time-to-PRCD model across
cohort analyses. The upper part displays boxplots of the cross-validated C-indices for each cohort, while the lower part shows the probabilities
of one cohort’s predictive performance being better than another’s. The arrows indicate higher probabilities of predictive performance. They
point towards the cohort with the higher probability of better performance for the optimized model.
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using data from all three cohorts suggests that cohort-specific information plays a role in enhancing
model performance.

Time-to-PD-MCI analysis (see Table[6.9): The cross-cohort analysis yielded an average cross-validated
C-index of 0.61£0.03 and a hold-out C-index of 0.63, indicating moderate predictive performance.
These results are comparable to those of the LuxPARK and PPMI single-cohort analyses. In the
leave-ICEBERG-out analysis, the overfitting phenomenon was observed in most models, as evidenced
by the lower hold-out performance. However, the CW-GBoost model showed an average cross-validated
C-index of 0.6540.08 and a hold-out C-index of 0.63, comparable to the cross-cohort analysis results.
The leave-PPMI-out and leave-LuxPARK-out analyses showed comparable predictive performance
to the cross-cohort analysis, with average cross-validated C-indices of 0.67£0.05 and 0.69£0.02 and
hold-out C-indices of 0.63 and 0.65, respectively. As with the PD-MCI classification analysis, these results
demonstrate the robustness of the models to different cohort exclusions and illustrate the feasibility
of developing predictive models that generalize across cohorts while maintaining performance levels
comparable to those of single-cohort models.

PRCD classification (see Table [6.10): The cross-cohort analysis yielded an average cross-validated
AUC 0of 0.70+£0.05 and a hold-out AUC of 0.72, showing a slight superiority over the optimized single-
cohort analyses. The hold-out predictive performance of the PRCD classification models showed
consistent results for precision, recall, F-score, accuracy, balanced accuracy, and AUC scores (data
is not shown in the thesis). This consistency highlights the reliability of the models, ensuring re-
liable prediction of PRCD in the study. In the leave-ICEBERG-out analysis, the majority of models
demonstrated indications of overfitting, as evidenced by reduced hold-out AUCs. The optimized
GOSDT-GUESSES model demonstrated an average cross-validated AUC of 0.651-0.04 and a hold-out
AUC of 0.61, indicating a reduced capability for predictive accuracy compared to the cross-cohort model.
The leave-LuxPARK-out analysis showed similar overfitting trends, with the optimized AdaBoost model
achieving an average cross-validated AUC of 0.68+0.04 and a hold-out AUC of 0.63. The optimized FIGS
model for leave-PPMI-out demonstrated comparable hold-out performance to the cross-cohort analysis,
with a hold-out AUC of 0.71. However, the average cross-validated AUC was lower (0.6110.05). In
general, none of the leave-one-cohort-out models demonstrated superior cross-validated or hold-out
predictive performance compared to the cross-cohort model.

Time-to-PRCD analysis (see Table [6.11): The cross-cohort analysis yielded an average cross-validated
C-index of 0.7340.04 and a hold-out C-index of 0.72, indicating that the performance was comparable to
that of the most effective single-cohort PPMI model, despite the increased complexity of the cross-cohort
prediction task. In the leave-ICEBERG-out analysis, the model achieved an average cross-validated
C-index of 0.75+0.01 with a hold-out C-index of 0.64, indicating a slight decrease in generalization
performance when ICEBERG was excluded from training despite a slight improvement in cross-validated
performance compared to the cross-cohort analysis. The leave-PPMI-out and leave-LuxPARK-out
analyses yielded comparable results, with average cross-validated C-indices 0f0.67-0.03 and 0.77+0.04
and hold-out C-indices of 0.67 and 0.64, respectively. While the predictive performance remained
relatively robust for the leave-one-cohort-out models, these results suggest that excluding any cohort
may slightly reduce overall robustness. Moreover, the cross-cohort model demonstrated comparable
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performance to the optimized single-cohort model.

Model stability: Multi-cohort analyses demonstrated superior stability and robustness in predic-
tive models compared to single-cohort analyses, as illustrated in Figures for both PD-MCI
and PRCD analyses. This higher stability is attributed to integrating diverse patient populations,
enabling models to better account for cohort-specific biases and produce more generalizable predictions.
These advantages underscore the potential preference for multi-cohort approaches in clinical practice,
where reliable predictions are important across varying demographic and clinical characteristics.
However, the ICEBERG cohort showed reduced stability, likely attributable to its smaller sample size.
This finding highlights the necessity of sufficient statistical power to guarantee model robustness,
as restricted sample sizes can lead to performance variability and decrease the results’ representativeness.

The comparison between multi-cohort and single-cohort analyses demonstrated the difficulties posed
by cohort-specific variations and the substantial advantages of integrating data across cohorts. Multiple
datasets allow for the implementation of multi-cohort approaches, which can address the challenges
above and facilitate the development of more reliable and generalizable predictive models for cognitive
impairment in PD.

Table 6.8 Predictive performance metrics for PD-MCI classification in multi-cohort analyses.

Algorithm Cross-cohort Leave-ICEBERG-out

Mean Hold-out Number of Mean Hold-out Number of

(SD) AUC features (SD) AUC features
AdaBoost 0.678 (0.053) 0.670 2(2) 0.673 (0.05) 0.530 3(5)
CART 0.687 (0.055) 0.632 2(2) 0.675 (0.047) 0.595 4(8)
CatBoost 0.691 (0.028) 0.648 5(7) 0.652 (0.023) 0.544 8(9)
C45 0.62 (0.058) 0.551 4(7) 0.661 (0.035) 0.489 3(5)
FIGS 0.676 (0.043) 0.632 2(2) 0.679 (0.056) 0.446 1(5)
GOSDT-GUESSES 0.663 (0.075) 0.627 22 (34) 0.606 (0.061) 0.533 39 (65)
GBoost 0.688 (0.06) 0.621 14 (32) 0.666 (0.035) 0.604 18 (35)
HS 0.676 (0.043) 0.632 2(2) 0.679 (0.056) 0.446 1(5)
XGBoost 0.672 (0.072) 0.671 48 (69) 0.646 (0.019) 0.561 36 (63)

Leave-PPMI-out Leave-LuxPARK-out

AdaBoost 0.699 (0.065) 0.629 2(7) 0.68 (0.029) 0.651 2(7)
CART 0.668 (0.069) 0.523 1(1) 0.677 (0.043) 0.653 2(3)
CatBoost 0.683 (0.057) 0.602 5(13) 0.685 (0.051) 0.654 12 (26)
C4.5 0.638 (0.042) 0.516 3(6) 0.68 (0.027) 0.460 2(3)
FIGS 0.681 (0.056) 0.523 1(1) 0.689 (0.034) 0.651 2(2)
GOSDT-GUESSES 0.658 (0.034) 0.489 17 (34) 0.621 (0.045) 0.588 16 (18)
GBoost 0.694 (0.05) 0.513 4(9) 0.673 (0.047) 0.630 12 (39)
HS 0.681 (0.056) 0.523 1(1) 0.689 (0.034) 0.651 2(2)
XGBoost 0.694 (0.054) 0.553 39 (48) 0.67 (0.043) 0.650 17 (25)

An overview of the PD-MCI prognostic classification’s predictive performance statistics summarizes the optimized PD-MCI prognostic
classification’s predictive performance statistics in multi-cohort analyses. The optimized models are listed with cross-validated and hold-out
AUC values and the corresponding number of features used in each optimized model. Models with the highest average AUC scores in the
cross-validation of the cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in italics. The
column labeled ‘Number of features’ displays the number of candidate features selected during nested cross-validation. The number in front
of the brackets indicates the number of selected predictive features in the cross-validation determined through permutation importance
analysis.
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Table 6.9

Predictive performance metrics for time-to-PD-MCI in multi-cohort analyses.

Algorithm Cross-cohort Leave-ICEBERG-out
Mean Hold-out  Number of Mean Hold-out  Number of
(SD) C-index features (SD) C-index features
CW-GBoost 0.598 (0.035) 0.637 4(5) 0.646 (0.083) 0.633 1(2)
Extra Survival 0.583 (0.03) 0.592 12 (12) 0.598 (0.028) 0.483 13 (13)
Survival GBoost 0.577 (0.078) 0.651 11 (24) 0.621 (0.037) 0.563 9(18)
LSVM 0.59 (0.039) 0.570 29 (29) 0.61 (0.06) 0.500 68 (68)
NLSVM 0.589 (0.059) 0.615 40 (40) 0.628 (0.039) 0.506 53 (53)
Penalized Cox 0.610 (0.032) 0.627 2(3) 0.647 (0.027) 0.512 1(1)
Survival RF 0.562 (0.04) 0.630 6 (6) 0.62 (0.026) 0.483 11 (12)
Survival Trees 0.591 (0.029) 0.615 14 (28) 0.617 (0.024) 0.525 1(1)
Leave-PPMI-out Leave-LuxPARK-out

CW-GBoost 0.638 (0.037) 0.643 18 (27) 0.691 (0.014) 0.643 12 (23)
Extra Survival 0.658 (0.063) 0.601 137 (138) 0.68 (0.008) 0.627 20 (20)
Survival GBoost 0.67 (0.052) 0.63 27 (61) 0.694 (0.019) 0.645 25 (48)
LSVM 0.65 (0.034) 0.559 33(33) 0.687 (0.017) 0.648 59 (59)
NLSVM 0.628 (0.048) 0.560 53 (53) 0.693 (0.023) 0.661 58 (58)
Penalized Cox 0.617 (0.042) 0.610 1(2) 0.663 (0.019) 0.661 2(2)
Survival RF 0.665 (0.048) 0.641 8 (8) 0.681 (0.009) 0.658 22 (22)
Survival Trees 0.641 (0.046) 0.573 5 (16) 0.648 (0.019) 0.620 8 (15)

An overview of the optimized time-to-PD-MCI predictive performance statistics summarizes the comprehensive time-to-PD-MCI predictive
performance statistics in multi-cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the
corresponding number of features used in each optimized model. Models with the highest average C-index in the cross-validation of the
cohort analyses are highlighted in bold. The model with the highest hold-out C-index is indicated in italics. The column labeled ‘Number of
features’ displays the number of candidate features selected during nested cross-validation. The number in front of the brackets indicates the
number of selected predictive features in the cross-validation determined through permutation importance analysis.
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Table 6.10 Predictive performance metrics for PRCD classification in multi-cohort analyses.

Algorithm Cross-cohort Leave-ICEBERG-out
Mean Hold-out Number of Mean Hold-out Number of
(SD) AUC features (SD) AUC features
AdaBoost 0.699 (0.044) 0.705 8 (16) 0.71 (0.027) 0.545 6 (13)
CART 0.683 (0.054) 0.663 7 (15) 0.704 (0.026) 0.536 1(2)
CatBoost 0.702 (0.053) 0.719 14 (23) 0.716 (0.041) 0.527 7 (8)
C45 0.657 (0.04) 0.671 5(13) 0.689 (0.054) 0.536 3(5)
FIGS 0.682 (0.044) 0.686 3(5) 0.71 (0.038) 0.482 4 (6)
GOSDT-GUESSES 0.652 (0.032) 0.639 30 (55) 0.654 (0.037) 0.607 16 (16)
GBoost 0.703 (0.052) 0.717 10 (14) 0.729 (0.051) 0.545 15 (29)
HS 0.682 (0.044) 0.686 3(5) 0.71 (0.038) 0.482 4 (6)
XGBoost 0.678 (0.044) 0.697 35 (48) 0.702 (0.033) 0.509 48 (54)
Leave-PPMI-out Leave-LuxPARK-out

AdaBoost 0.662 (0.067) 0.590 8 (15) 0.676 (0.042) 0.625 3(7)
CART 0.646 (0.055) 0.665 4(6) 0.667 (0.04) 0.597 29 (50)
CatBoost 0.654 (0.044) 0.610 7(12) 0.687 (0.033) 0.577 6 (15)
C45 0.604 (0.051) 0.559 8 (13) 0.685 (0.043) 0.560 2(3)
FIGS 0.614 (0.045) 0.705 4(7) 0.677 (0.03) 0.558 1(1)
GOSDT-GUESSES 0.656 (0.052) 0.612 28 (42) 0.631 (0.051) 0.575 40 (64)
GBoost 0.643 (0.03) 0.583 12 (23) 0.691 (0.043) 0.575 12 (28)
HS 0.614 (0.045) 0.705 4(7) 0.677 (0.03) 0.558 1(1)
XGBoost 0.636 (0.053) 0.697 31 (65) 0.676 (0.025) 0.571 46 (50)

An overview of the PRCD prognostic classification’s predictive performance statistics summarizes the optimized PRCD prognostic classi-
fication’s predictive performance statistics in multi-cohort analyses. The optimized models are listed with cross-validated and hold-out
AUC values and the corresponding number of features used in each optimized model. Models with the highest average AUC scores in the
cross-validation of the cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in italics. The
column labeled ‘Number of features’ displays the number of candidate features selected during nested cross-validation. The number in front
of the brackets indicates the number of selected predictive features in the cross-validation determined through permutation importance

analysis.
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Table 6.11

Predictive performance metrics for time-to-PRCD in multi-cohort analyses.

Cross-cohort

Leave-ICEBERG-out

Algorithm Mean Hold-out  Number of Mean Hold-out  Number of
(SD) C-index features (SD) C-index features
CW-GBoost 0.729 (0.029) 0.683 14 (19) 0.736 (0.025) 0.605 11 (18)
Extra Survival 0.726 (0.018) 0.700 164 (165) 0.734 (0.026) 0.588 164 (165)
Survival GBoost 0.722 (0.032) 0.704 12 (30) 0.744 (0.037) 0.585 14 (25)
LSVM 0.714 (0.032) 0.691 180 (180) 0.738 (0.019) 0.625 53 (53)
NLSVM 0.729 (0.038) 0.718 48 (48) 0.726 (0.029) 0.597 49 (49)
Penalized Cox 0.708 (0.02) 0.660 13 (29) 0.748 (0.012) 0.641 17 (28)
Survival RF 0.727 (0.019) 0.697 139 (149) 0.729 (0.033) 0.603 13 (13)
Survival Trees 0.674 (0.02) 0.657 7(9) 0.692 (0.037) 0.659 8 (10)
Leave-PPMI-out Leave-LuxPARK-out
CW-GBoost 0.671 (0.032) 0.680 5 (9) 0.755 (0.025) 0.644 12 (23)
Extra Survival 0.64 (0.052) 0.675 18 (18) 0.753 (0.041) 0.616 129 (129)
Survival GBoost 0.669 (0.035) 0.676 10 (21) 0.76 (0.042) 0.633 24 (45)
LSVM 0.658 (0.032) 0.617 151 (151) 0.758 (0.033) 0.613 49 (49)
NLSVM 0.651 (0.029) 0.658 151 (151) 0.762 (0.037) 0.607 56 (56)
Penalized Cox 0.657 (0.04) 0.550 1(32) 0.774 (0.041) 0.637 83 (114)
Survival RF 0.659 (0.028) 0.698 68 (106) 0.75 (0.05) 0.626 115 (120)
Survival Trees 0.64 (0.035) 0.510 19 (35) 0.691 (0.04) 0.602 3(6)

An overview of the optimized time-to-PRCD predictive performance statistics summarizes the comprehensive time-to-PRCD predictive
performance statistics in multi-cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the
corresponding number of features used in each optimized model. Models with the highest average C-index in the cross-validation of the
cohort analyses are highlighted in bold. The model with the highest hold-out C-index is indicated in italics. The column labeled ‘Number of
features’ displays the number of candidate features selected during nested cross-validation. The number in front of the brackets indicates the
number of selected predictive features in the cross-validation determined through permutation importance analysis.

124



6.4.3 Comparative evaluation of cross-study normalization integration

To assess the impact of cross-study normalization on model performance, we conducted a comparative
analysis of the hold-out prediction metrics of optimized models with and without normalization across
a range of multi-cohort machine learning analyses.

In the hold-out analysis, cross-study normalization was found to significantly improve predictive
performance for PD-MCI and PRCD classification and time-to-PRCD prediction (see Tables[6.12}{6.13). In
both classification tasks, models incorporating normalization demonstrated notably higher hold-out
AUCs than unnormalized models. Similarly, the application of cross-study normalization resulted in a
notable improvement in the hold-out C-index for time-to-PRCD prediction.

Notably, the advantages of cross-study normalization were pronounced in the leave-PPMI-out analy-
sis, whereas other analyses demonstrated modest improvements. This discrepancy may be attributed to
the distinctive value distributions of key predictors in the PPMI cohort (Table [6.14), where normalization
effectively mitigated study-specific biases and normalized data variations across cohorts.

These findings highlight that the efficacy of cross-study normalization can depend on the type of
study-specific biases in the data. While it demonstrated clear advantages in specific analyses, notably
when the PPMI cohort was excluded from training, its impact was less consistent in other cohort
integration analyses.

Thus, cross-study normalization requires a particular assessment to ascertain its appropriateness
for disparate contexts. It is most effective when cohort-related biases are present, provided they are
not overly complex and can be addressed with statistical adjustments. It is important to implement
cross-study normalization to the specific characteristics and distributions of the data to maximize its
utility and improve the robustness of predictive models.

6.4.4 Associations between clinical features and cognition outcome

A cross-cohort analysis was conducted to identify key predictors associated with cognitive impairment
in PD using PD-MCI classification and time-to-PD-MCI prediction. The analysis yielded consistent
results, indicating that the identified predictors are robust across different analytical approaches. The
SHAP value plots (Figures revealed that there were common predictors across these analyses.

Visuospatial ability, as measured by the Benton JLO, was a significant predictor for PD-MCI classifi-
cation and time-to-PD-MCI prediction. The results consistently showed that superior performance on
the JLO test was associated with a reduced risk of PD-MCI and a delayed onset of cognitive impairment.
This finding highlights the potential value of visuospatial function as a cognitive health indicator for PD
patients.

Age at diagnosis of PD was also identified as a key predictor in both the PD-MCI classification
and time-to-PD-MCI models. A correlation was identified between older age at PD diagnosis and an
increased risk of developing PD-MCI, as well as a shorter time to PD-MCI onset. This indicates that
early PD onset may be associated with better preservation of cognitive abilities, whereas older age at
diagnosis may be linked to accelerated cognitive decline.

Furthermore, body weight was identified as a factor in predicting PD-MCI However, the relationship
between body weight and cognitive outcome was not readily interpretable from the SHAP value plot.
This indicates that body weight may interact with other predictors in the multifactorial model, thereby
highlighting the intricate nature of the relationships observed in the data.
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Table 6.12 Significance testing of hold-out predictive metrics between normalized and unnormalized models
for PD-MCI and PRCD in multi-cohort analyses.

Mild cognitive impairment (PD-MCI) | Patient-reported cognitive decline (PRCD)

Cohort Normalizefi vs. Cross-c.oh(')rt Normalizefi Vs. Cross-c.oh(.)rt

Unnormalized normalization Unnormalized normalization
Classification:
Cross-cohort 0.400 Ratio-A 0.626 Standardize
Leave-ICEBERG-out 0.459 Ratio-A 0.683 Mean-centering
Leave-PPMI-out 0.021 Mean-centering 0.028 ComBat
Leave-LuxPARK-out 0.170 M-ComBat 0.892 ComBat
Time-to-event:
Cross-cohort 0.051 M-ComBat 0.207 Mean-centering
Leave-ICEBERG-out 1.000 ComBat 0.037 Ratio-A
Leave-PPMI-out 0.121 ComBat 3.80E-05 Mean-centering
Leave-LuxPARK-out 0.065 ComBat 0.055 Standardize

A comparison of the statistical significance of the differences between the hold-out predictive performance metrics for the optimized PD-MCI
and PRCD models across cohorts. The p-values for the significance of the difference were calculated using DeLong’s test for classification
and the one-shot nonparametric test for time-to-event analysis. A p-value < 0.05 indicates a significant difference in hold-out predictive
performance between the two models. The normalization method used on the optimized model is indicated in the column “Normalization”.

For PRCD, the SHAP values plot revealed similar key predictors to those found for PD-MCI, with age
at diagnosis and Benton JLO scores emerging as significant predictors (Figures[6.7}{6.8). A significant
negative correlation was observed between age at diagnosis and both MoCA and Benton JLO scores
(Table[6.17), indicating that older age at diagnosis is associated with poorer cognitive performance.

In the time-to-PD-MCI analysis, patients diagnosed with PD at age 53 or older had a nearly 2.4-fold
higher risk of developing cognitive impairment compared to those at a younger age (Table and
Figure[6.9). Similarly, in the time-to-PRCD analysis, patients diagnosed at age 62 or older were 1.5 times
more likely to report cognitive impairment (Table and Figure [6.10).

Other clinical characteristics associated with an increased likelihood of PRCD included the MDS-
UPDRS Part I score, disease duration, the presence of tremors, and sex. Males were more likely to report
cognitive impairment than females.

Furthermore, patients with lower Modified Schwab & England Activities of Daily Living (ADL) scale
were more likely to indicate that cognitive impairment affected their daily living. Patients with greater
functional dependence may perceive or recognize cognitive decline more acutely, resulting in more
prompt recognition of cognitive impairment and its impact on daily activities.

The presence of non-motor symptoms, as measured by the MDS-UPDRS Part I and SCOPA-AUT,
was also identified as contributing to the risk of PRCD. This highlights the complex, multifactorial nature
of cognitive impairment affecting daily living in patients with PD.

While the correlations between predictors and PD-MCI and PRCD outcomes were consistent, notable
differences were observed (Table[6.17). For example, a positive correlation was observed between BMI
and PD-MCI, yet no such correlation was shown in PRCD outcome. Thermoregulatory dysfunction
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Table 6.13 Predictive performance metrics between normalized and unnormalized models for PD-MCI and

PRCD in multi-cohort analyses.

Cross-cohort Leave-ICEBERG-out
Hold-out Number of Hold-out Number of
Mean (SD) AUC features Mean (SD) AUC features
PD-MCI classification
Normalized 0.691 (0.028) 0.648 5(7) 0.679 (0.056) 0.446 1(5)
Unnormalized 0.669 (0.068) 0.617 7 (16) 0.666 (0.035) 0.604 18 (35)
PRCD classification
Normalized 0.703 (0.052) 0.717 10 (14) 0.71 (0.027) 0.545 6(13)
Unnormalized 0.702 (0.053) 0.719 14 (23) 0.729 (0.051) 0.545 15 (29)
Leave-PPMI-out Leave-LuxPARK-out
PD-MCI classification
Normalized 0.699 (0.065) 0.629 2(7) 0.689 (0.034) 0.651 2(2)
Unnormalized 0.694 (0.05) 0.513 4(9) 0.68 (0.042) 0.651 8 (16)
PRCD classification
Normalized 0.656 (0.052) 0.612 28 (42) 0.685 (0.051) 0.616 8(17)
Unnormalized 0.662 (0.067) 0.59 8 (15) 0.691 (0.043) 0.575 12 (28)
Cross-cohort Leave-ICEBERG-out
Hold-out Number of Hold-out Number of
Mean (SD) C-index features Mean (SD) C-index features
time-to-PD-MCI model
Normalized 0.61 (0.032) 0.627 2(3) 0.647 (0.027) 0.512 101)
Unnormalized 0.594 (0.079) 0.662 1(2) 0.631 (0.016) 0.512 1(2)
time-to-PRCD model
Normalized 0.729 (0.029) 0.683 14 (19) 0.744 (0.037) 0.585 14 (25)
Unnormalized 0.726 (0.018) 0.7 164 (165) 0.748 (0.012) 0.641 17 (28)
Leave-PPMI-out Leave-LuxPARK-out
time-to-PD-MCI model
Normalized 0.67 (0.052) 0.63 27 (61) 0.694 (0.019) 0.645 25 (48)
Unnormalized 0.658 (0.063) 0.601 137 (138) 0.694 (0.019) 0.602 72 (110)
time-to-PRCD model
Normalized 0.671 (0.032) 0.68 5(9) 0.774 (0.041) 0.637 83 (114)
Unnormalized 0.658 (0.031) 0.605 11(21) 0.762 (0.044) 0.655 19 (33)

Assessment of the predictive performance of PD-MCI and PRCD prognostic models for cognitive impairment, including classification
and time-to-event analyses. The evaluation includes cross-validated and hold-out AUC or C-index calculations for both normalized and
unnormalized models and a detailed examination of the number of features used in each model. The column labeled ‘Number of features’
displays the number of candidate features selected during nested cross-validation. The number in front of the brackets indicates the number
of selected predictive features in the cross-validation determined through permutation importance analysis.
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Table 6.14 Comparative analysis of baseline features mean differences across cohorts in PD-MCI and PRCD

analyses.
LuxPARK vs. LuxPARK vs. PPMI vs.
Predictors PPMI ICEBERG ICEBERG p-values
(p-values) (p-values) (p-values)

Mild cognitive impairment (PD-MCI)

Age at PD diagnosis 1.72 (0.008) 0.71 (1.000) -1.01 (0.858) 1.10E-02
Disease duration 3.29 (4.72E-32) 3.73 (1.55E-16) 0.44 (0.383) 1.40E-36
Weight (kg) 0.45 (1.000) 5.80 (0.002) 5.35 (0.005) 2.70E-03
Height (cm) -2.90 (1.14E-05) -2.04 (0.165) 0.86 (1.000) 2.05E-05
BMI (kg/m?) 1.04 (2.20E-04) 2.67 (3.40E-08) 1.63 (0.002) 6.43E-09
MDS-UPDRS Part | score 0.82 (2.36E-15) 0.23 (0.108) -0.59 (5.82E-05) 6.22E-15
MDS-UPDRS Part Il score 8.18 (9.41E-107) 2.01 (1.000) -6.16 (4.48E-33) 7.83E-115
MDS-UPDRS Part Il (ON) score 5.77 (1.14E-37) 4.32 (5.56E-04) -1.45 (4.91E-04) 5.82E-37
SCOPA-AUT total score 1.37 (8.65E-08) 0.48 (0.853) -0.89 (0.101) 1.65E-07
Patient-reported cognitive decline (PRCD)

Age at PD diagnosis 1.63 (0.05) -0.35 (1.000) -1.99 (0.14) 2.25E-02
gls:rz;e duration since PD diagnosis | 5 13 (5 71 31 3.99 (5.98E-19) 0.56 (0.26) 3.14E-36
Weight (kg) 0.37 (1.000) 5.49 (0.005) 5.12 (0.011) 5.90E-03
Height (cm) -2.24 (0.003) -1.75 (0.296) 0.48 (1.000) 4.40E-03
BMI (kg/m?) 0.82 (0.013) 2.47 (7.55E-07) 1.65 (0.002) 9.30E-07
MDS-UPDRS Part [ score 8.68 (2.27E-86) 2.42 (0.598) -6.26 (1.16E-29) 1.41E-93
MDS-UPDRS Part Il score 6.36 (6.04E-37) 4.88 (1.81E-05) -1.48 (9.53E-04) 3.24E-36
MDS-UPDRS Part 11l (ON) score 19.49 (1.45E-35) 9.81 (3.32E-06) -9.67 (6.73E-08) 7.00E-36
SCOPA-AUT total score 0.58 (8.54E-07) 0.74 (6.16E-06) 0.16 (0.344) 1.50E-08

A comparative analysis of the mean differences for baseline features across the LuxPARK, PPMI, and ICEBERG cohorts. The p-values indicated
statistically significant differences in the average of the predictors between specific cohort pairs, providing insights into cohort-specific

variations in predictor distributions in cognitive impairment analysis.
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Figure 6.5 SHAP values plot for the optimized PD-MCI classification model in the cross-cohort analysis.
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SHAP value plot displaying the top 15 predictors for the optimized PD-MCI model in cross-cohort prognostic classification. The plot shows
the magnitude and direction (positive or negative) of each feature’s influence on motor fluctuations prognosis status as output.

significantly correlated with PRCD but not with PD-MCI. This suggests that the association between
thermoregulatory dysfunction and cognitive impairment may vary depending on the specific type of

cognitive impairment.

These findings provide valuable insights into the complex interplay of clinical features associated with
objective and subjective cognitive impairment affecting daily living in PD patients. They highlight the
necessity of considering the extensive range of factors in predicting cognitive decline in this population.

Table 6.15 Median conversion times and hazard ratios of the optimized time-to-PD-MCI model in the cross-

cohort analysis.

<53

5.04 (3.53, NR)

: Hazard Ratio Medlap Log-rank

Predictors 95% CI Conversion
(95% CI) (95% Cl) (p-values)

Benton Judgment of Line Orientation score
>16 0.83 (0.66, 1) 4.09 (2.15, NR) 2.53E-04
<16 1.09 (1, 1.36)
Age at PD diagnosis
>53 2.42 (1.16, 3.17) 1(0.92,1.13) 2.73E-10

Summary of the hazard ratio (HR), median conversion time with 95% confidence interval (Cl), and p-values from the log-rank test for the top
15 predictors identified in the time-to-PD-MCI model in the cross-cohort analysis. The HR provides insights into the risk associated with
each predictor, while the median conversion time and log-rank test assess Kaplan-Meier (KM) curve differences between groups. “NR” (not

reached) indicates that the MF event did not occur for some participants during the study period.
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Figure 6.6 SHAP values plot for the optimized time-to-PD-MCI model in the cross-cohort analysis.
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SHAP value plot displaying the top 15 predictors for the optimized PD-MCI model in cross-cohort time-to-PD-MCI analysis. The plot shows
the magnitude and direction (positive or negative) of each feature’s influence on time-to-PD-MCI as output.

Figure 6.7 SHAP values plot for the optimized PRCD classification model in the cross-cohort analysis.
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SHAP value plot displaying the top 15 predictors for the optimized PRCD model in cross-cohort prognostic classification. The plot shows the
magnitude and direction (positive or negative) of each feature’s influence on motor fluctuations prognosis status as output.
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Figure 6.8 SHAP values plot for the optimized time-to-PRCD model in the cross-cohort analysis.
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SHAP value plot displaying the top 15 predictors for the optimized time-to-PRCD model in cross-cohort analysis. The plot shows the magnitude
and direction (positive or negative) of each feature’s influence on time-to-PRCD as output.

Figure 6.9 Forest plot of median conversion times and hazard ratios for the optimized time-to-PD-MCI in
cross-cohort analysis.
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The plot illustrates how multiple clinical predictors affect PD-MCIL The left panel shows the median time to PD-MCI onset with 95% confidence
intervals (CI), comparing subgroups for each predictor. The right panel displays corresponding hazard ratios (HR) with 95% CI, where HR
> 1 indicates increased risk. Solid blue lines indicate statistically significant differences between groups (p-value < 0.05), while grey lines
indicate non-significant differences.
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Table 6.16 Median conversion times and hazard ratios of the optimized time-to-PRCD model in the cross-cohort

analysis.
. Hazard Ratio Median Log-rank
Predictors (95% Cl) Conversion | values)
(95% CI) p
MDS-UPDRS Part | score
>12 1.25 (1.01, 2.04) 2.38 (1.94, 3.15) 6.74E-03
<12 4.43 (3.2, 5.36)
Age at PD diagnosis
>62 2.05 (1.5, 2.87) 2.44 (2.07, 3.11) 1.87E-05
<62 5.33 (4.43, NR)
Modified Schwab & England ADL score
>78 0.53 (0.31, 0.98) 4.6 (3.61, 5.52) 1.04E-05
<78 2.09 (1.19, 2.38)
MDS-UPDRS Part Il score
>12 1.01 (0.87, 1.5) 2.6 (2.07, 3.2) 6.39E-03
<12 4.6 (3.29, 5.84)
SCOPA-AUT Gastrointestinal (Gl) score
>7 1.25 (0.96, 2.34) 2.06 (1.13, 2.43) 7.50E-06
<7 4.28 (3.36, 5.36)
MDS-UPDRS | - Daytime sleepiness (Mild)
Yes 1(1,1.3) 2,92 (2.16, 4) 8.75E-02
No 4.44 (3.2, 5.36)
MDS-UPDRS Part Il score (ON)
>22 1.34 (1, 1.87) 2.68 (2.15, 3.77) 1.42E-04
<22 5.35 (4.76, NR)
Dyskinesia score
>1 1(0.76, 1.37) 5.33 (2.22, NR) 4.01E-01
<1 3.61 (3, 4.44)
Rigidity lower extremities score
>4 1.16 (0.99, 1.52) 5.02 (1.95, NR) 2.84E-01
<4 3.37 (3, 4.44)
MDS-UPDRS | - Pain and other sensations (Mild)
Yes 1(1,1.23) 2.6 (1.32, 3.37) 7.24E-02
No 4.02 (3.01, 5.35)
BMI (kg/m?)
>25 1.07 (0.86, 1.36) 3.19 (2.43, 4.76) 2.82E-01
<25 4.24 (3.11, 5.84)
SCOPA-AUT Total score
>16 1.36 (1, 2.3) 2.21(1.32, 3) 1.44E-03
<16 4.4 (3.36, 5.52)

Summary of the hazard ratio (HR), median conversion time with 95% confidence interval (Cl), and p-values from the log-rank test for the
top 15 predictors identified in the time-to-PRCD model in the cross-cohort analysis. The HR provides insights into the risk associated with
each predictor, while the median conversion time and log-rank test assess Kaplan-Meier (KM) curve differences between groups. “NR” (not
reached) indicates that the MF event did not occur for some participants during the study period.
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Figure 6.10 Forest plot of median conversion times and hazard ratios for the optimized time-to-PRCD in
cross-cohort analysis.
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The plot illustrates how multiple clinical predictors affect PRCD. The left panel shows the median time to PRCD onset with 95% confidence
intervals (CI), comparing subgroups for each predictor. The right panel displays corresponding hazard ratios (HR) with 95% CI, where HR
> 1 indicates increased risk. Solid blue lines indicate statistically significant differences between groups (p-value < 0.05), while grey lines
indicate non-significant differences.
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Table 6.17 Correlation between predictors and PD-MCI/PRCD outcomes in cross-cohort analysis.

Mild cognitive impairment | Patient-reported cognitive
(PD-MCI) decline (PRCD)
Predictors Correlation p-values Correlation p-values
Age at PD diagnosis 0.31 2.31E-30 0.24 8.33E-15
Disease duration since PD diagnosis (years) 0.14 1.36E-06 0.19 2.84E-10
Gender 0.04 2.20E-03 0.04 3.94E-03
Levodopa treatment 0.21 1.30E-13 0.25 4.58E-16
Weight (kg) 0.06 4.44E-02 0.02 5.44E-01
Height (cm) -0.11 1.89E-04 -0.05 9.76E-02
BMI (kg/m2) 0.14 3.51E-07 0.05 8.49E-02
Hoehn & Yahr stage 0.20 1.70E-12 0.29 2.65E-22
MOCA score (adjusted for education) -0.47 7.91E-41 -0.34 1.86E-15
Benton Judgment of Line Orientation (JLO) -0.26 4.00E-19 -0.30 3.88E-21
REM sleep behavior disorder (RBD) 0.11 1.74E-04 0.20 8.05E-10
Initial motor symptom - Resting tremor -0.06 2.43E-02 -0.13 6.26E-05
Initial motor symptom - Rigidity or bradykinesia -0.09 1.21E-03 -0.10 9.71E-04
Axial symptoms 0.26 2.43E-20 0.37 1.10E-35
Selective axial symptoms 0.24 3.08E-18 0.33 2.66E-28
Freezing of gait 0.14 3.95E-07 0.19 4.67E-10
Tremor 0.08 2.23E-02 0.08 3.91E-02
Rest tremor 0.09 1.30E-02 0.04 2.70E-01
Rest tremor amplitude 0.11 3.53E-03 0.05 1.82E-01
Rigidity upper extremities 0.17 2.80E-06 0.23 3.67E-09
Rigidity lower extremities 0.16 1.07E-05 0.19 8.32E-07
Total rigidity 0.20 2.57E-08 0.25 2.30E-10
Bradykinesia 0.26 8.53E-13 0.35 2.98E-20
Dyskinesia 0.03 3.77E-01 0.04 2.99E-01
Motor fluctuations 0.08 1.70E-02 0.09 1.94E-02
MDS-UPDRS Part | score 0.21 1.38E-14 0.53 6.85E-77
MDS-UPDRS Part Il score 0.21 1.46E-14 0.40 1.46E-41
MDS-UPDRS Part 11l score (ON) 0.28 4.75E-15 0.35 8.32E-20
SCOPA-AUT Gastrointestinal (Gl) 0.22 1.85E-15 0.35 9.77E-32
SCOPA-AUT Urinary 0.12 1.90E-05 0.29 5.41E-22
SCOPA-AUT Cardiovascular 0.09 1.33E-03 0.26 1.41E-17
SCOPA-AUT Thermoregulatory 0.02 5.22E-01 0.18 8.58E-09
SCOPA-AUT Sexual dysfunction 0.04 2.61E-01 0.11 1.29E-02
SCOPA-AUT Total score 0.21 3.98E-14 0.43 6.27E-47
Family history of PD -0.08 1.09E-02 -0.13 2.56E-05
Pathogenic LRRK2 variant -0.14 8.55E-06 -0.22 2.53E-11
Pathogenic GBA variant -0.02 5.76E-01 -0.01 8.12E-01

The correlation of predictors with PD-MCI and PRCD outcomes was measured using the point biserial correlation for continuous or ordinal
predictors and the Matthews correlation coefficient (MCC) for the binary predictor.
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6.4.5 Decision curve and calibration analysis

A DCA and a calibration analysis were conducted to evaluate the developed models’ reliability and
potential clinical utility for predicting PD-MCI and PRCD outcomes.

In the context of PD-MCI classification, the optimized AdaBoost model showed a high area under the
net benefit curve (AUNBC=0.23), thereby indicating that the model offers considerable value in guiding
decisions regarding potential preventive or early therapeutic interventions targeting cognitive decline.
The calibration analysis for this model yielded a calibration slope of 1.13 (see Figure and Table[6.19),
reflecting a strong alignment between predicted probabilities and observed outcomes. This indicates
that the model’s predictions for PD-MCI are well-calibrated, offering clinicians reliable risk estimates.

In the time-to-PD-MCI analysis, the optimized penalized Cox model also demonstrated a high
AUNBC of 0.22 (Figure[6.12). The calibration slope for this model was 1.30, indicating a slight tendency
to overestimate risk at higher probability levels. Nevertheless, the calibration demonstrated reasonable
concordance between predicted and observed time-to-PD-MCI events.

In terms of PRCD classification, the FIGS model showed the most optimal calibration slope (0.74),
thereby indicating a superior degree of precision in aligning the predicted and observed probabilities
compared to the other models. Nevertheless, alternative models attained a superior AUNBC (0.08, as
illustrated in Figure[6.13).

The time-to-PRCD analysis demonstrated significant challenges with model calibration across all
approaches. Although the model achieved a satisfactory AUNBC (0.10, Figure [6.14), its calibration
slopes were observed to be relatively low. This indicates that although the models can differentiate
between high- and low-risk patients, they cannot accurately predict the absolute risk of PRCD onset. The
discrepancy between the good discrimination indicated by the AUNBC and the suboptimal calibration
emphasizes the challenges in achieving reliable model predictions for this particular outcome.

These findings collectively highlight the necessity of considering discrimination and calibration
when evaluating model performance. While the models demonstrated high AUNBC values overall, the
disparate calibration outcomes across different outcomes highlight the necessity for careful interpretation
of model predictions in clinical practice. In particular, the findings indicate that the models developed
for classifying and predicting PD-MCI could offer valuable assistance in clinical decision-making. In
contrast, the PRCD models, particularly those used for time-to-event prediction, may require further
refinement to improve their calibration and reliability for future clinical applications.

6.5 Discussion

This study used a comprehensive multi-cohort approach to identify shared predictors of PD-MCI and
PRCD in PD. By integrating data from diverse cohorts, we demonstrated that specific clinical fea-
tures, such as age at diagnosis, consistently predict both outcomes. This integrative strategy, which
incorporates diverse input data and two alternative cognitive impairment outcomes, improves the
generalizability of findings and provides robust insights into cognitive decline across different PD
populations.

A key strength of the study is its cross-cohort analysis, which reduces the potential for cohort-
specific biases often present in single-cohort studies. This approach yielded more stable predictive
models and extended the applicability of findings to diverse PD populations. The application of cross-
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Figure 6.11 Bar plot of the area under the positive net benefit curve for the optimized PD-MCI classification
models in cross-cohort analysis.
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The bar plot shows the area under the positive net benefit for different cross-cohort optimized PD-MCI classification models, with the lines
above the bars indicating significant differences in the net benefit area across models. Blue bars represent models with a larger positive net
benefit area than the negative net benefit, while red bars indicate the opposite. The numbers within the bars show the difference in the net
benefit area between each model and the ‘all intervention’ baseline. Upward arrows (7) signify a larger area than ‘all intervention’, while
downward arrows ({) indicate a smaller area.

study normalization, particularly within the leave-one-cohort-out validation framework, improves
predictive performance, although its effectiveness was observed to vary across different settings. This
variability highlights the need to explore normalization strategies further to ensure robust predictions
across diverse clinical contexts.

The age at diagnosis was identified as a significant predictor in the PD-MCI and PRCD analyses.
Patients who were older at the time of onset were found to face a markedly higher risk of cognitive
decline compared to younger individuals, consistent with previous research indicating a correlation
between late-onset PD and more pronounced cognitive dysfunction [[172]. Time-to-event analysis
revealed a significant association between age at diagnosis and the risk of cognitive impairment in
both PD-MCI and PRCD. Patients with late-onset PD were almost twice as likely to develop cognitive
impairment as those with earlier disease onset. This association may reflect the increased vulnerability
of age-related brain networks to neurodegenerative processes [198]. Nevertheless, early- and late-onset
PD show altered functional connectivity within brain networks [[199], particularly in domains associated
with cognitive functions such as attention, executive function, and memory.

Furthermore, our study identified significant sex-based differences in PRCD, with women demon-
strating superior global cognitive performance and a lower prevalence of cognitive impairments during
clinical assessments [3}[200]. The Benton JLO test significantly predicted cognitive impairment, particu-
larly visuospatial deficits. This finding aligns with previous studies highlighting the role of visuospatial
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Figure 6.12 Bar plot of the area under the positive net benefit curve for the optimized time-to-PD-MCI models
in cross-cohort analysis.
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The bar plot shows the area under the positive net benefit for different cross-cohort optimized time-to-PD-MCI models, with the lines above
the bars indicating significant differences in the net benefit area across models. Blue bars represent models with a larger positive net benefit
area than the negative net benefit, while red bars indicate the opposite. The numbers within the bars show the difference in the net benefit
area between each model and the ‘all intervention’ baseline. Upward arrows (1) signify a larger area than ‘all intervention’, while downward
arrows ({) indicate a smaller area.

function in the progression of cognitive decline in PD 191]. Women generally outperformed
men on global cognition 202]], whereas men performed better on visuospatial tasks 203].
Hormonal differences between men and women are hypothesized to affect brain function and may
contribute to the observed sex differences in cognition 204]. This highlights the importance of
considering gender-specific cognitive strengths and weaknesses when assessing and managing cognitive
impairment in PD.

Non-motor symptoms, including autonomic dysfunction assessed by SCOPA-AUT, correlated with
PRCD, highlighting the multifactorial nature of the cognitive decline in PD [14]. Among these, gastroin-
testinal symptoms such as constipation have been explicitly associated with cognitive impairment
205]. Moreover, the established association between autonomic dysfunction and PD progression
emphasizes the complex interplay of systems impacted by PD pathology, thereby contributing to the
complexity of cognitive decline.

Moreover, sleep disturbances may also impact cognitive impairment, as they can exacerbate cognitive
difficulties, such as impaired memory processing, which is important for maintaining cognitive function
[207]. In our analyses, sleep problems at night, as assessed in the MDS-UPDRS Part I, were identified
as one of the predictors with a significant hazard ratio in the time-to-PRCD model. Patients with
sleep disorders frequently report increased difficulties with attention, memory, and problem-solving
[208]]. Improving sleep quality through targeted interventions, such as cognitive behavioral therapy for
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Figure 6.13 Bar plots of the area under the positive net benefit curve for the optimized PRCD classification
models in cross-cohort analysis.
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The bar plot shows the area under the positive net benefit for different cross-cohort optimized PRCD classification models, with the lines above
the bars indicating significant differences in the net benefit area across models. Blue bars represent models with a larger positive net benefit
area than the negative net benefit, while red bars indicate the opposite. The numbers within the bars show the difference in the net benefit
area between each model and the ‘all intervention’ baseline. Upward arrows (1) signify a larger area than ‘all intervention’, while downward
arrows ({) indicate a smaller area.

insomnia [209]], may mitigate perceived cognitive impairment and improve overall cognitive health in
PD.

Our study’s application of ML models facilitated the evaluation of predictive performance and the
discovery of distinctive clinical features associated with cognitive impairment in greater depth than
traditional statistical approaches. Using advanced analytical techniques across multiple cohorts, we
identified robust predictors with potential applications in precision medicine trials, paving the way for
more targeted and personalized interventions.

The results of our study have considerable implications for clinical practice and future research.
Identifying consistent predictors across cohorts provides clinicians with practical tools for the early
detection of patients at high risk of cognitive decline, enabling the implementation of timely interventions
and more personalized management strategies. Furthermore, the observed sex differences in PRCD
highlight the necessity of developing sex-specific approaches to cognitive assessment and tailored
management strategies for PD, ensuring more equitable and effective care.

It is important to acknowledge the limitations of our study, which may influence the generalizability
of our findings. Although a multi-cohort approach was used, the generalizability of the findings may be
limited by the characteristics of the included cohorts. The variability in predictive performance observed
across cohorts can be attributed to differences in sample sizes and disparities in patient profiles. For
example, the LuxPARK cohort included participants with a significantly average age at diagnosis and
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Figure 6.14 Bar plot of the area under the positive net benefit curve for the optimized time-to-PRCD classifica-
tion models in cross-cohort analysis.
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The bar plot shows the area under the positive net benefit for different cross-cohort optimized time-to-PRCD models, with the lines above the
bars indicating significant differences in the net benefit area across models. Blue bars represent models with a larger positive net benefit
area than the negative net benefit, while red bars indicate the opposite. The numbers within the bars show the difference in the net benefit
area between each model and the ‘all intervention’ baseline. Upward arrows (1) signify a larger area than ‘all intervention’, while downward
arrows ({) indicate a smaller area.

longer disease duration than the PPMI and ICEBERG cohorts. In contrast, participants in the ICEBERG
cohort had significantly lower average body weight and BMI than those in the LuxPARK and PPMI
cohorts. Moreover, the PPMI cohort showed less severe disease progression, as indicated by lower
overall MDS-UPDRS Parts I to Il and SCOPA-AUT scores compared to LuxPARK.

These discrepancies in baseline characteristics emphasize the necessity of considering cohort-
specific variables when interpreting the predictive efficacy of PD-MCI and PRCD models, highlighting
the challenge of developing applicable predictive tools for cognitive impairment in PD. Moreover, while
the models showed satisfactory predictive performance despite the challenges of cross-cohort prediction,
their clinical utility requires further optimization and validation in prospective studies to ensure robust
and reliable application in diverse clinical settings.

Overall, this study highlights the association of non-motor symptoms and sex-related differences
on the progression of cognitive decline in PD. By using a multi-cohort approach on two outcome
measures, as well as advanced ML techniques, we were able to identify robust predictors of cognitive
impairment, thereby enhancing our understanding of its underlying mechanisms. These findings provide
a foundation for improved risk stratification and the development of personalized interventions for
individuals with PD. It is recommended that future research prioritize validating these predictors in more
diverse clinical settings and investigating their potential to inform treatment decisions and optimize
patient management strategies.
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Table 6.19 Calibration analysis for PD-MC[ and PRCD analyses.

Classification Time-to-event

Algorithm PD-MCI PRCD Algorithm PD-MCI PRCD

Slope | MSE | Slope | MSE Slope | MSE | Slope | MSE
AdaBoost 113 0.23 417 0.23 CW-GBoost 0.51 0.23 0.24 0.05
CART 0.53 0.25 0.57 0.23 Extra Survival 0.29 0.28 0.3 0.04
CatBoost 062 | 024 | 067 | 019 i;lg;/(l,\;?l 026 | 027 | 022 0.1
C4.5 0.15 0.49 0.3 0.35 LSVM 0.06 0.04 0.36 0.03
FIGS 0.51 0.26 0.74 0.21 NLSVM 0.1 0.03 0.39 0.03
GOSDT-GUESSES 0.25 0.37 0.27 0.33 Penalized Cox 1.3 0.22 0.28 0.03
GBoost 0.8 0.24 2.09 0.23 Survival RF 0.06 0.05 0.28 0.04
HS 0.51 0.26 0.74 0.21 Survival Trees 0.1 0.34 0.2 0.08
XGBoost 0.45 0.28 0.55 0.24

Calibration analysis for PD-MCI and PRCD models in both classification and time-to-event for cross-cohort analysis with the calibration
slope and mean square error (MSE).

6.6 Summary and conclusions

This study aimed to identify the predictors of cognitive decline in PD by utilizing objective and subjective
cognitive impairment measures. Our findings emphasize the significance of non-motor symptoms,
particularly autonomic dysfunction, in the progression of cognitive decline and clarify the existence of
notable sex-based discrepancies in cognitive outcomes. Our findings indicate that older age at diagnosis
is associated with an increased risk of cognitive impairment, which is consistent with previous research
that has linked late-onset PD with more severe cognitive dysfunction. Furthermore, visuospatial deficits
were identified as a key predictor of cognitive decline, thereby reinforcing their significance in PD-related
cognitive dysfunction.

Applying ML models across multiple cohorts enabled the identification of a range of clinical features
that predict cognitive impairment. These findings highlight the potential of ML to improve predictive
accuracy and enable more precise risk stratification for cognitive decline in PD. The models demon-
strated reliable performance in identifying high-risk patients, thereby offering the potential for early
interventions and more personalized treatment strategies in clinical practice.

However, the study also identified cohort-specific factors impacting the model’s predictive perfor-
mance. When interpreting the results and developing predictive tools with universal applicability, it is
important to consider the impact of patient characteristics, including age at diagnosis, disease duration,
and symptom severity. Further optimization and prospective validation of these models are required to
improve their clinical utility and generalizability.

In conclusion, our study provides valuable insights into the predictors of cognitive decline in PD
and emphasizes the importance of considering non-motor symptoms and sex differences in clinical
assessments. ML methodologies have facilitated a more profound comprehension of cognitive decline in
PD, thereby paving the way for future investigations into risk prediction, early diagnosis, and tailored
treatment regimens.
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Chapter 7

Conclusions and perspectives

This chapter provides a comprehensive summary of the key findings from the analyses of levodopa-
induced dyskinesia (LID), motor fluctuations (MF), mild cognitive impairment (PD-MCI), and patient-
reported cognitive decline (PRCD) in Parkinson’s disease (PD). The primary objective of this research
was to identify predictors of these complications across multiple cohorts, using a combination of clinical
features and advanced machine learning techniques to ensure robust and generalizable insights.

LID is a well-documented complication of long-term levodopa therapy in PD, often manifesting as
involuntary movements that emerge after prolonged treatment. MF, another complication in PD, has
been hypothesized in previous research to be associated with extended levodopa use. Prior studies have
analyzed LID and MF independently, providing valuable insights into their respective predictors. In this
study, we adopt an independent analytical approach for LID and MF to improve our understanding of
their respective associations and determine the distinctiveness or overlap of the factors associated with
each. The correlation between LID and MF highlights the complex interrelationship between these two
PD complications.

In addition, both mild cognitive impairment in PD (PD-MCI) and patient-reported cognitive decline
(PRCD) were analyzed independently to explore their distinct predictors and potential overlap. PD-MCI,
measured using standardized cognitive tools such as the MoCA, represents an objective assessment of
cognitive impairment. In contrast, PRCD reflects the subjective cognitive concerns reported by patients,
often assessed through the MDS-UPDRS Part I, which captures cognitive difficulties as experienced in
daily life. By analyzing these outcomes independently, we aim to gain a deeper understanding of the
factors associated with both objective and subjective cognitive dysfunction in PD and assess whether
the same predictors are involved in both types of cognitive decline.

The age at which PD diagnosis is observed represents a key predictor across both motor and
cognitive complications examined in this study. However, the observed association differs between these
domains. Earlier onset of PD is significantly correlated with an increased likelihood of developing motor
complications, including LID and MF. This may be influenced by the longer disease duration observed in
younger-onset patients, which provides a prolonged window of opportunity for the emergence of motor
complications. In contrast, later-onset PD is associated with an increased risk of cognitive impairments,
including PD-MCI and PRCD, which may reflect age-related vulnerabilities to cognitive decline. These
contrasting patterns show how age at PD diagnosis influences the course of PD, with younger patients
predominantly experiencing motor complications and challenges, while older individuals are more likely

143



to develop cognitive decline. These findings emphasize the importance of developing management
strategies that address the distinct risks faced by different patient groups in PD.

Disease duration, a key marker of PD progression, not only correlates with LID and MF but is also
associated with other predictors, including levodopa equivalent daily dose (LEDD), motor impairments,
and non-motor symptoms. Furthermore, an association between disease duration and PRCD was
identified, whereby patients with longer disease durations are more likely to report cognitive decline
that impacts their daily functioning, highlighting the impact of disease progression on both motor
and cognitive domains in PD. Although previous studies have indicated a correlation between LID
and MF with prolonged levodopa treatment, this study produced contradictory results in MF analysis.
Specifically, although levodopa medication intake was identified as one of the top predictors for MF, its
direct association with MF was not statistically significant. This finding aligned with the results of a
recent clinical trial, which indicated that MF may be more closely associated with disease progression
than with levodopa therapy.

Motor dysfunctions, including axial symptoms, freezing of gait, and rigidity, were positively corre-
lated with LID and MF. These findings suggest that these motor symptoms serve as important clinical
markers for predicting the occurrence of these complications. Moreover, motor and non-motor disabili-
ties, as assessed by the MDS-UPDRS and SCOPA-AUT, provide a comprehensive evaluation of motor,
non-motor, and autonomic dysfunction. The observed associations between these assessments and
both motor complications (LID and MF), as well as subjective cognitive decline (PRCD), highlight the
multifactorial nature of PD, where motor and non-motor symptoms often coexist and contribute to the
overall disease burden.

In contrast, resting tremor was associated with a reduced risk of LID and MF, likely reflective of
the relatively mild disease progression typically observed in tremor-dominant patients. These patients
tend to experience a lower risk of motor complications. Furthermore, resting tremor was associated
with PD-MCI but not with PRCD, suggesting that while tremor may be related to cognitive function,
its association differs from other forms of cognitive decline observed in PD. Visuospatial function, a
cognitive domain involved in spatial attention and navigation, was linked not only with LID and MF but
also with cognitive decline and was found to be associated with the progression of motor disabilities.
These findings highlight the interconnectivity of motor and cognitive impairments in PD and their
potential influence on disease progression.

Assessing non-motor symptoms is also important in predicting the emergence of LID and MF. Gas-
trointestinal, urinary, and thermoregulatory symptoms were associated with increased PD severity and a
higher risk of LID, highlighting the complex relationship between motor and non-motor dysfunctions in
disease progression. Moreover, non-motor symptoms play a role in cognitive decline in patients with PD.
Notably, constipation was associated with PD-MCI, while gastrointestinal, urinary, and thermoregulatory
symptoms were associated with PRCD, highlighting the impact of non-motor symptoms on the disease’s
motor and cognitive aspects.

Furthermore, body weight was identified as a predictor, with lower body weight being associated
with a higher risk of LID. This inverse relationship may be attributed to pharmacokinetic differences
or metabolic influence on levodopa metabolism. In the cross-cohort analysis, BMI and body weight
were positively associated with PD-MCI but not PRCD. This finding highlights the distinct relationships
between motor and cognitive outcomes in PD.

Despite common predictors between motor complications (LID and MF) and cognitive impairment
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(PD-MCI and PRCD), including disease duration and non-motor symptoms, no significant correlation
was identified between LID and cognitive outcomes. A weak correlation was observed between MF and
cognitive outcomes. These findings highlight PD complications’ complex and multifaceted nature and
the overlapping yet distinct predictors that influence motor and cognitive outcomes. These findings
highlight the necessity for targeted therapeutic approaches that consider specific predictors when
assessing the risk of different outcomes. Such approaches must address motor and cognitive symptoms
while accounting for their unique and shared determinants.

Genetic factors contribute to a comprehensive understanding of the variability of LID and MF risks.
GBA mutations were associated with an earlier onset of both LID and MF, which is likely reflective of
the more aggressive disease progression commonly observed in these patients. In contrast, pathogenic
LRRK?2 mutations were also linked to MF, although with a smaller effect size than GBA mutations,
indicating that the genetic influence on these complications is not identical.

Furthermore, sex-based differences were identified in the progression of PRCD, with women demon-
strating superior performance on cognitive tests and reporting less cognitive impairment that interferes
with daily functioning. This suggests the existence of potential sex-based differences in both the cognitive
manifestations and perceptions of cognitive decline in PD.

Incorporating multi-cohort analysis, which integrates data from different cohorts and expands the
sample size, substantially improves the stability and generalizability of the predictive model. Pooling data
from diverse patient populations reduces variability and increases the robustness of the model, thereby
ensuring more reliable predictions across different groups. The results demonstrated that, despite the
added challenges of cross-cohort analysis, such as potential cohort-specific biases and differences in
clinical feature characteristics, the predictive performance was comparable to that of single-cohort
analyses. This illustrates the capacity of cross-cohort methodologies to preserve predictive capability,
even when there is an increase in complexity.

Moreover, cross-study normalization was a practical approach for improving predictive performance,
particularly when cohort variability could impact the analysis. This normalization technique often led
to a notable improvement in model performance by accounting for inter-cohort differences, resulting
in more consistent and reliable outcomes. However, cross-study normalization did not consistently
improve performance across all cases, suggesting that its effectiveness may depend on the cohorts’
specific characteristics and data patterns.

Furthermore, cross-cohort analysis helps to reduce cohort-specific biases that frequently emerge in
single-cohort studies due to sample homogeneity or other study-specific factors. By incorporating data
from multiple cohorts, this approach helps to ensure that the findings are independent of the distinctive
characteristics of a single cohort, thereby improving the generalizability of the results. Consequently,
cross-cohort analysis offers a more comprehensive understanding of predictive factors, applicable across
a broader range of patient populations.

7.1 Limitations

This thesis offers valuable insights into the predictors associated with levodopa-induced dyskinesia
(LID), motor fluctuations (MF), mild cognitive impairment in PD (PD-MCI), and patient-reported
cognitive decline (PRCD) in Parkinson’s disease (PD) by applying state-of-the-art machine learning (ML)
techniques and a multi-cohort approach. However, it is important to acknowledge several limitations
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inherent to the study. These limitations stem from methodological challenges, PD’s complexities, and
the included cohorts’ characteristics. Addressing these limitations is important for interpreting the
findings and guiding future research that builds upon this work. The key limitations of the thesis are
discussed below.

1. Cohort-specific biases and generalizability

Despite using multiple cohorts to reduce cohort-specific biases, the generalizability of the findings
remains a challenge. The cohorts included in this thesis demonstrate variations in demographic and
clinical characteristics, including sample size, disease severity, and age at disease onset. For example,
discrepancies in disease duration and body mass index (BMI) were observed across cohorts, which may
have influenced the patterns and predictors identified in the analyses. These differences may restrict
the generalizability of the findings to populations outside the studied cohorts, particularly those with
different demographic or clinical profiles. Consequently, while the multi-cohort approach improves the
robustness of the findings in comparison to single-cohort studies, it is possible that the diversity of PD
presentations globally may not be fully captured. This limitation highlights the need for the results to
be validated in more diverse cohorts to ensure the identified predictors are robust across unrepresented
or underrepresented patient populations.

2. Potential influence of unmeasured variables

The availability of variables across the different cohorts limited the analyses presented in this thesis. In
cross-cohort analyses, certain variables may be excluded when these variables are only present in a
specific cohort, resulting in the exclusion of these variables from the analysis across the cohort, such
as medications, comorbid conditions, physical activity levels, and clinical health metrics. As a result,
valuable information may be excluded, potentially reducing the models’ predictive power and limiting
the findings’ scope. This limitation reflects the challenges of conducting cross-cohort analyses, where
differences in data availability across studies can reduce the robustness and generalizability of the results,
leaving out key predictors that could contribute to a deeper understanding of the mechanisms underlying
PD complications. Therefore, the findings may not fully capture the complexity of contributing factors,
which may limit their application in clinical decision-making or research contexts where these excluded
variables are of particular relevance. It is recommended that future studies incorporate more factors to
provide a more comprehensive understanding of the predictors involved in PD complications.

3. Focus on clinical features

The analyses presented in this study primarily focused on examining clinical features as potential
predictors of complications associated with PD, with limited integration of multimodal data, including
imaging and biomarkers, which could provide further insights. Although clinical features provide
valuable insights into the progression of PD, including additional data types could offer a more
comprehensive understanding of the underlying pathophysiology of PD complications. For example,
neuroimaging data may reveal structural or functional alterations in the brain, while biomarkers could
provide objective measures of disease progression or treatment response. The lack of such data in
this study may restrict the depth of the findings and inhibit a more detailed comprehension of the
complexities of PD. Analyzing clinical features alone may limit the comprehensiveness of predictive
models, potentially excluding key predictors that could improve the accuracy and relevance of the results.

146



4. Heterogeneity in outcome definitions

Despite the consistent application of standardized tools across cohorts, intraindividual variability
in outcome assessments may still occur due to inherent differences in clinical environments and
cohort-specific practices [[197, (210, 211]]. Despite the use of uniform tools, variations in the measure-
ment of symptoms or outcomes during patient evaluations may occur, reflecting differences in the
individual patient’s condition at the time of assessment. Factors such as varying patient populations or
communication can influence how data is collected and recorded, potentially contributing to variations
in measurement. Such variability in outcome assessments may introduce noise into the analysis,
impacting the reliability of the prediction models. Discrepancies in assessment practices could reduce
the consistency of identified predictors and their applicability to diverse populations. Therefore, it is
recommended that these potential differences be addressed in future research through robust statistical
methods or sensitivity to ensure more reliable and generalizable predictive findings.

7.2 Future works

This study has provided insights into the predictors of levodopa-induced dyskinesia, motor fluctuations,
and cognitive impairment in PD. Nevertheless, several directions for further investigation could improve
the robustness and applicability of the findings. Despite the progress that has been made, limitations
such as cohort-specific biases, incomplete variable coverage, and the focus on clinical features highlight
the need for future research to extend these analyses. Therefore, it is important to address these gaps
to improve predictive models and ensure their broader clinical applicability, thereby advancing our
understanding of PD complications and their management.

1. Expanding cohort diversity and enhancing generalizability and predictive power

The expansion of the number of cohorts in cross-cohort analysis has the potential to improve the
generalizability and predictive capability of the findings. The incorporation of three cohorts has enabled
this study to effectively address cohort-specific biases, thereby enhancing the stability and reliability of
the model. Future research may benefit from incorporating additional cohorts with diverse demographic
and clinical characteristics to evaluate how increasing cohort diversity improves predictive performance.
Furthermore, incorporating additional cohorts may help mitigate overfitting in leave-one-cohort-out
validation, thereby enhancing the robustness and external validity of the identified predictors. Such an
expansion would facilitate a more comprehensive understanding of PD complications and ensure the
findings apply to a broader range of patient populations.

2. Integration of additional variables

To gain a more comprehensive understanding of the complex complications of PD, future research
should integrate a broader range of variables into predictive models. The current study primarily relied
on clinical features available across the included cohorts. However, the exclusion of variables, such as
medication regimens, comorbidities, physical activity levels, and other clinical health metrics, may have
limited the scope of the findings. Integrating these additional variables would facilitate the development
of more comprehensive models capable of capturing the complex interplay of factors influencing PD
complications. Nevertheless, this goal can only be attained through a unified effort to standardize data
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collection protocols across all cohorts. Inconsistencies in measuring and recording variables can limit
their utility and increase variability in cross-cohort analyses. Standardizing the data collection, such as
clinical and lifestyle data, has the potential to improve the quality of predictive models and increase
their applicability across diverse PD populations. By addressing these challenges, future studies can
construct robust predictive tools, offering valuable insights into the mechanisms of PD complications
and informing more effective interventions.

3. Leveraging multimodal and longitudinal data to improve prediction

The advancement of predictive models for PD complications requires a shift in focus beyond solely
clinical features to incorporate multimodal data. Integrating neuroimaging and biomarker data with
clinical assessments may facilitate a more comprehensive and multidimensional understanding of the
underlying pathophysiology of PD. Neuroimaging modalities, such as magnetic resonance imaging
(MRI) or positron emission tomography (PET) scans, can provide insights into structural or func-
tional alterations in the brain, including atrophy or alterations in connectivity. Biomarkers, such as
cerebrospinal fluid proteins or blood-based markers, may reveal biochemical changes indicative of
disease progression and treatment response. Combining these data types with clinical variables enables
researchers to construct more detailed and accurate models that capture the interplay between the
disease’s biological, structural, and symptomatic aspects. Furthermore, integrating multiple data types
can facilitate techniques like multi-view learning [212} 213] or data fusion algorithms [214} [215] to
process and combine heterogeneous data sources. These methods facilitate the identification of complex,
cross-modal patterns and associations that may be overlooked when analyzing each data type indepen-
dently. For instance, correlating particular imaging characteristics with biomarker concentrations could
reveal novel predictors of complications. Joint modeling of multimodal data may improve the robustness
and generalizability of the findings. Moreover, longitudinal multimodal data could facilitate a dynamic
understanding of disease development. Monitoring alterations in biomarkers, imaging, and clinical
characteristics over time could improve predictive models by integrating disease trajectories, thereby
facilitating the prediction of complications and their timing and progression. This approach could prove
invaluable in identifying early indicators of complications, thereby enabling timely and personalized
interventions tailored to the patient’s evolving needs. By embracing multimodal and dynamic data
integration, future research can develop more accurate predictive models that reflect PD progression’s
complex, multifaceted nature and associated complications.

4. Addressing heterogeneity in outcomes and predictors

To address the heterogeneity in outcome definitions and predictors, robust analytical approaches can
ensure the consistency and reliability of findings despite the variations in assessment practices that
may occur. Future research may benefit from using advanced statistical methodologies to accommodate
intra-individual variability [216]]. One promising approach is the application of hierarchical Bayesian
models, which can explicitly account for cohort-specific differences by incorporating varying effects for
each cohort [217]. This approach accommodates differences in individual and population, potentially
mitigating noise introduced by these variations, thereby enhancing the stability and reliability of
predictive models. Furthermore, mixed-effects models offer another option for addressing variability by
introducing random effects that model intra- and inter-individual differences [218]. These models are
beneficial for accounting for individual variability within cohorts and ensuring that predictions remain
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robust. Researchers can evaluate the impact of heterogeneity on model performance and ensure that the
findings remain consistent and reliable even when data variability is introduced. Incorporating these
advanced analytical techniques will enable future studies to effectively address the challenges posed
by heterogeneity in outcome definitions and predictors, thereby facilitating the development of more
robust and generalizable insights into PD complications.
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Levodopa-induced dyskinesia in
Parkinson’s disease: Insights from

cross-cohort prognostic analysis using
machine learning
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A.1 Model performance metrics for dyskinesia prognosis across cohort
analyses

Table A.1  Predictive performance metrics for refined LID classification model in single-cohort analyses.

Algorithm L:z:’(ﬁRK Number HI:)ll)g-“ Number Igli?dE-RG Number
I\(/\selz)x)n out of I\(Aseg)n out of I\(/lseS;I out of
AUC features AUC features AUC features
AdaBoost (g.'fg;) 0.617 10 (20) (g:g;‘;") 0.671 4(8) (8:323) 0.512 1(2)
CART (g:gi; 0.515 2(14) (g:gzg) 0.642 7 (18) (8:?28) 0.203 1(3)
CatBoost (g:gig) 0.553 6 (9) (g:g;?) 0.659 9 (19) (8:152% 0.468 9 (19)
C4.5 (g.'g;‘;) 0.525 3(6) (g:ng) 0.666 4(11) (g:f;; 0.515 2(4)
FIGS (g:g:i) 0.693 8 (14) (g:gi;) 0.630 2(6) (8:323) 0.512 1(2)
ESEEST_ (g:gii) 0.673 19 (25) (g:ggf) 0.559 17 (31) (g:f;:) 0.718 6 (6)
GBoost (g:gj;) 0.686 18 (31) (g:g;% 0.655 6 (18) (8:3;;) 0.510 5 (9)
HS (g:gzi) 0.682 9 (15) (g:gi;) 0.630 2(6) (gﬁg) 0.505 6 (14)
XGBoost (3:3(5’16) 0.655 29 (47) (8:322) 0.644 11 (12) (8:;‘16; 0.513 19 (25)

An overview of the refined LID prognostic classification’s predictive performance statistics summarizes the LID prognostic classification’s
predictive performance statistics in single cohort analyses. The optimized models are listed with cross-validated and hold-out AUC values
and the corresponding number of features used in each optimized model. Models with the highest average AUC scores in the cross-validation
of the cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in italics. The column labeled
‘Number of features’ displays the number of candidate features selected during nested cross-validation. The number in front of the brackets
indicates the number of selected predictive features in the cross-validation determined through permutation importance analysis.
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Table A.2 Predictive performance metrics for refined time-to-LID in single-cohort analyses.

Algorith LuxPARK PPMI ICEBERG
gorrthm Mean Hold- Number Mean Hold- Number Mean Hold- Number
(SD) out of (SD) out of (SD) out of
C-index features C-index features C-index features

CW- 0.682 0.669 0.570

CBoost (0.053) 0.662 10 (25) (0.028) 0.633 9 (13) 0.119) 0.454 3(9)

Extra Sur- | 0.701 0.665 0.546

vival ©0o0s1) 0648 91 (130) (0.053) 0.640 110 (113) 0076) 0.649 8 (8)

Survival 0.693 0.654 0.542

CBoost (0.084) 0.643 10 (17) (0.045) 0.641 15 (30) 0182) 0.314 7(7)
0.664 0.653 0.547

LSVM 0.075) 0.675 32(32) (0.030) 0.623 29 (29) 0132) 0.452 9 (9)
0.637 0.658 0.546

NLSVM (0.083) 0.666 19 (19) 0.028) 0.615 19 (19) 0167) 0.446 9 (10)

Penalized 0.685 0.688 0.535

Cox (0.046) 0.532 1(5) (©0.05) %662 32 (59) 0.087) 0517 4(4)

. 0.678 0.670 0.586

Survival RF ©oor) O713 87(118) (0.056) 0.638 53 (85) o108 572 9 (17)

Survival 0.640 0.634 0.557

Trees (0.095) 0.640 6 (8) 0.077) 0.614 3(12) (0.095) 0.498 1(3)

An overview of the refined time-to-LID predictive performance statistics summarizes the time-to-LID predictive performance statistics in
single cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the corresponding number of features
used in each optimized model. Models with the highest average C-indices in the cross-validation of the cohort analyses are highlighted in
bold. The model with the highest hold-out C-index is indicated in italics. The column labeled ‘Number of features’ displays the number of
candidate features selected during nested cross-validation. The number in front of the brackets indicates the number of selected predictive

features in the cross-validation determined through permutation importance analysis.
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Table A.3 Predictive performance metrics for refined LID classification in multi-cohort analyses.

Algorithm L:z:’(ﬁRK Number HI:)ll)g-“ Number Igli?dE-RG Number
I\(/\selz)x)n out of I\(Aseg)n out of I\(/lseS;I out of
AUC features AUC features AUC features
AdaBoost (g:gig) 0.639 5(9) (g:gzz) 0.548 203) (gzg;‘g) 0517 4.9)
CART (g:g;g) 0.618 2(4) (g:gﬂ) 0.519 10 (19) (8:(6)(2);) 0.574 6(17)
CatBoost (Z.'Zz) 0.665 16 (29) (g:ggg) 0.522 9 (19) (g:g;; 0.599 9 (20)
C45 (g:gi; 0.585 5(8) (g:g?f;) 0.527 4(9) (8:1612;’) 0.564 4(7)
FIGS (g:ggg’) 0.636 3(9) (82322) 0.488 5(12) (8:(6)?71) 0.531 9 (20)
282 'SDST_ (g:g;; 0.555 37 (53) (3:232) 0.574 38(59) (gzgég) 0.488 32 (45)
GBoost (g:gzg) 0.612 17 (27) (g:ng) 0.534 6 (15) (8:(6;2) 0.550 10 (20)
HS (g:ggz) 0.636 3(9) (g:g;Z) 0.488 5(12) (8:(6)?71) 0.531 9 (20)
XGBoost (g:ggg) 0.612 36 (62) (g:gzg) 0.548 11 (15) (g:gj; 0.557 58 (84)

An overview of the refined LID prognostic classification’s predictive performance statistics summarizes the LID prognostic classification’s
predictive performance statistics in multi-cohort analyses. The optimized models are listed with cross-validated and hold-out AUC values
and the corresponding number of features used in each optimized model. Models with the highest average AUC scores in the cross-validation
of the cohort analyses are highlighted in bold. The model with the highest hold-out AUC score is indicated in italics. The column labeled
‘Number of features’ displays the number of candidate features selected during nested cross-validation. The number in front of the brackets

indicates the number of selected predictive features in the cross-validation determined through permutation importance analysis.
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Table A.4 Predictive performance metrics for refined time-to-LID in multi-cohort analyses.

Algorithm LuxPARK PPMI ICEBERG
Mean Hold- Number Mean Hold- Number Mean Hold- Number
(SD) out of (SD) out of (SD) out of
C-index features C-index features C-index features
CW- 0.697 0.681 0.674
CBoost (0.055) 0.654 18 (37) (0.037) 0.536 18 (31) ©oz5) %637 6(9)
Extra Sur- 0.693 0.694 0.675
vival (0.053) 0.676 156 (158) (0.040) 0.533 159 (162) 0027) 0.632 131 (135)
Survival 0.692 0.680 0.682
CBoost (0.047) 0.631 10 (16) (0.054) 0.603 147 (149) 0031) 0.616 10 (24)
0.686 0.671 0.682
LSVM (0.053) 0.640 39 (39) (0.059) 0.575 58 (58) 0023) 0.603 147 (147)
0.690 0.665 0.679
NLSVM (0.082) 0.668 47 (47) (©0o020) %64 58 (58) 0.029) 0.633 46 (46)
Penalized 0.673 0.695 0.679
Cox 0.074) 0.669 30 (36) ©0061)  *53 50 (80) (0.068) 0.551 1(67)
. 0.715 0.687 0.687
Survival RF (0054 0085 106 (131) 0.052) 0.559 53 (97) ©0037) %634 95 (119)
Survival 0.644 0.636 0.649
Trees 0.071) 0.558 7(14) (0.034) 0.549 11 (16) (0.055) 0.527 11 (19)

An overview of the refined time-to-LID predictive performance statistics summarizes the time-to-LID predictive performance statistics in

multi-cohort analyses. The optimized models are listed with cross-validated and hold-out C-indices and the corresponding number of features
used in each optimized model. Models with the highest average C-indices in the cross-validation of the cohort analyses are highlighted in
bold. The model with the highest hold-out C-index is indicated in italics. The column labeled ‘Number of features’ displays the number of
candidate features selected during nested cross-validation. The number in front of the brackets indicates the number of selected predictive

features in the cross-validation determined through permutation importance analysis.
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Figure A.1 Comparison of cross-validated AUC scores for refined LID classification models.
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A comparison of cross-validated AUC scores and probabilities of better predictive performance for the optimized refined LID classification
model across cohort analyses. The upper part displays boxplots of the cross-validated AUC scores for each cohort, with the line indicating the
hold-out AUC scores for each cohort, while the lower part shows the probabilities of one cohort’s predictive performance being better than
another’s. The arrows indicate higher probabilities of predictive performance. They point towards the cohort with the higher probability of
better performance for the optimized model.
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Figure A.2 Comparison of cross-validated C-indices for refined time-to-LID models.
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A comparison of cross-validated C-indices and probabilities of better predictive performance for the optimized refined time-to-LID model
across cohort analyses. The upper part displays boxplots of the cross-validated C-indices for each cohort, with the line indicating the hold-out
C-indices for each cohort, while the lower part shows the probabilities of one cohort’s predictive performance being better than another’s.
The arrows indicate higher probabilities of predictive performance. They point towards the cohort with the higher probability of better
performance for the optimized model.
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A.2 Stability of the optimized predictive models for predicting the risk
of dyskinesia

Figure A.3 Stability analysis of optimized comprehensive LID classification models.
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Stability analysis of optimized comprehensive predictive models for LID classification in PD across different algorithms and cohort studies. The
stability of the model is evaluated by calculating the SD of the AUC values obtained from the nested CV process, which corresponds to the
optimal hyperparameters. A lower SD indicates a higher stability of the predictive models, reflecting a consistent performance across diverse
cohorts and ML techniques.

Figure A.4 Stability analysis of optimized refined LID classification models.
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Stability analysis of optimized refined predictive models for LID classification in PD across different algorithms and cohort studies. The stability
of the model is evaluated by calculating the SD of the AUC values obtained from the nested CV process, which corresponds to the optimal
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