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Abstract 

Background: Motor complications, such as motor fluctuations and Levodopa-induced 

dyskinesias (LID), significantly impair quality of life in persons with Parkinson’s disease (PD) on 

long-term Levodopa treatment. Predicting their onset is crucial for tailored patient care. 

Objectives: To develop and evaluate machine learning (ML) models to forecast the onset of new 

motor fluctuations and LID in PD patients within three years from baseline assessment. 

Methods: A comprehensive ML workflow with repeated Nested Grid Search Cross-Validation was 

applied to real-world clinical data from a multicentric cohort of 247 PD patients. ML models were 

rigorously evaluated on the clinically relevant subgroup free of motor complications at baseline. 

SHAP analysis provided model explainability. 

Results: Models achieved moderate predictive power for both LID (SVC: MCC 0.28 ± 0.14) and 

motor fluctuations (Voting MCC = 0.32 ± 0.18). For LID prediction, the strongest predictors were 

the Levodopa Equivalent Daily Dose (LEDD), baseline motor fluctuations, and duration of 
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Levodopa therapy, with risk increasing significantly above a LEDD threshold of 300-400 mg. A 

critical ablation study revealed that excluding patients with pre-existing complications caused a 

collapse in model sensitivity, highlighting their essential role in defining the upper bound of 

predicted risk. 

Conclusions: The model-based risk assessment is consistent with established clinical factors. 

Inclusion of the full spectrum of disease severity, including patients with pre-existing motor 

complications, in the training set is essential for achieving a robust probabilistic risk scale and 

reliable model calibration for new-onset prediction. 

 

Introduction 

Motor complications are common, troublesome features associated with long-term Levodopa 

treatment in Parkinson’s disease (PD) (1). According to a longitudinal population-based study, up 

to 50% of persons living with PD experience motor fluctuations and 15% of PD patients develop 

Levodopa induced dyskinesias (LID) after 5 years of Levodopa treatment, with an incidence 

increasing to 100% and 55% respectively after 10 years (2). On the other hand, some people with 

PD do not experience any motor fluctuations, even after many years of Levodopa treatment, 

which defines the so called long-duration response to Levodopa (3). Several risk factors for motor 

complications have been identified in PD, with longer disease duration and higher total Levodopa 

Equivalent Daily Dose (LEDD) emerging as the strongest predictors of both motor fluctuations 

and LID (1,4). Additionally, female gender and a younger age at disease onset were consistently 

reported across studies as risk factors for both motor fluctuations and LID (5,6). 

Predicting the onset of motor complications in patients with PD is crucial for tailoring patients’ 

care, improving their quality of life, preventing disability and identifying patients who may be 

eligible for device-assisted therapies (7,8).  

To date, evidence on risk factors for motor fluctuations and LID relies primarily on single-cohort 

studies, limiting the generalizability of findings, and no validated algorithms are currently available 

to accurately predict their onset. To address these prognostic challenges, machine learning (ML) 

models, coupled with Explainable Artificial Intelligence (XAI) to foster clinical trust, are being 

explored with encouraging results (9–11). However, translating these promising tools into practice 

requires evaluations that demonstrate genuine clinical utility. Rather than relying solely on broad 

dataset metrics, rigorous assessments should directly test the true clinical challenge: predicting 

the future onset of motor complications in patients currently free of them. 
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This study utilizes real-world clinical data from two distinct cohorts to develop and evaluate ML 

models for predicting the onset of motor fluctuations and LID in persons with PD within three years 

from baseline assessment. 

 

Materials and methods 

Ethics statement and protocol 

The study was approved by the Locals Ethics Committees (Ethics Committee of Azienda 

Provinciale per i Servizi Sanitari of Trento and Ethics Committee of Liguria Region—Protocol 

number NET-2018-12366666-3-PD). The protocol for this study was published early in 2024 and 

refers to the NeuroArtP3 (NET-2018-12366666) project (12). Written informed consent was 

obtained from every participant, and all assessments were performed according to national and 

international guidelines. 

Cohort characteristics 

A total of 256 patients with PD diagnosed according to current criteria (13) were recruited from 

the NeuroArtP3 project at two Northern Italian sites: Azienda Sanitaria Universitaria Integrata del 

Trentino (formerly APSS - Provincial Health Services, Trento, n=126) and IRCCS San Martino 

Hospital (HSM, Genoa, n=130). The final analytic cohort consisted of 247 subjects after exclusion 

of seven patients treated with Deep Brain Stimulation (DBS) or other advanced therapies and two 

patients with incomplete clinical information.   

For each participant, data was collected longitudinally during routine clinical practice for three 

consecutive years. For the predictive modeling, only variables collected at the first visit (i.e. 

baseline visit) were used as input features. These baseline features encompassed clinical-

demographic features, including clinical rating scales (e.g., the Movement Disorders Society 

Unified Parkinson’s Disease Rating Scale part III subscores - MDS-UPDRS III, Hoehn & Yahr), 

PD core motor and non-motor features (e.g., presence of impulse control disorder - ICD, sleep 

disorders, cognitive status), and medication history. A complete list of these variables and their 

characteristics is provided in Table 1. 

The binary outcome labels, indicating whether a patient developed LID or motor fluctuations within 

three years from the baseline visit were created using the follow-up data. LID were defined as the 

sudden peak-of-dose emergence of involuntary movement disorders and motor fluctuations as 

the sudden transition between functional “on” and “off” states (including wearing-off, delayed-on, 
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no-on, unpredictable off phenomena) (8,14), as assessed by interview during the follow-up visits 

and reported in the medical charts. Descriptive statistics of these two outcomes are reported in 

Table 1. A crucial stratification was necessary for this analysis: at baseline, a number of patients 

already presented with LID (n=34) or motor fluctuations (n=59). The true clinical challenge lies in 

identifying which patients will develop these symptoms in the future, not in confirming a pre-

existing condition. Therefore, to build a model with real-world prognostic utility, the main 

evaluation of our predictive analyses focused on the subset of patients who did not present motor 

complications at baseline. 

 

Variable Level Count (%) 

Gender (Male = 0; Female=1) Female 96 (38.9%) 

Disease duration 0-5 years 145 (58.7%) 

5-10 years 63 (25.5%) 

> 10 years 39 (15.8%) 

Family history (for PD) Yes 80 (32.4%) 

H&Y stage 1 77 (31.2%) 

2 128 (51.8%) 

>2 42 (17.0%) 

Motor phenotype Tremor-dominant 145 (58.7%) 

Akinetic-rigid 102 (41.3%) 

Falls Yes 31 (12.6%) 

Freezing of gait Yes 31 (12.6%) 

LID Yes 34 (13.8%) 

Motor fluctuations Yes 59 (23.9%) 

Presence of dysautonomia Orthostatic hypotension 20 (8.1%) 

Other domains 68 (27.5%) 

None 159 (64.4%) 

Cognitive status (n=242) Normal 217 (87.9%) 

MCI 19 (7.7%) 

Dementia 6 (2.4%) 

Anxiety Yes 61 (24.7%) 

Depression Yes 70 (28.3%) 

ICD Yes 20 (8.1%) 
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Hyposmia (n=211) Yes 74 (30.0%) 

Sleep/Wake disorders Yes 101 (41.3%) 

Use of Levodopa Yes 172 (69.6%) 

Use of DA Yes 173 (70.0%) 

Use of MAOIs Yes 147 (59.5%) 

LID at follow-up Yes 96 (38.9%)  

Motor fluctuations at follow-up Yes 113 (45.7%) 

Attribute (n) Median (Q1, Q3) 

Age at baseline (n=247) 69 (63, 74) 

Education (n=244) 11 (8, 13) 

Time between symptoms onset and 

diagnosis (years) (n=238) 

1 (0, 2) 

MDS-UPDRS III (ON) (n=237) 17 (11, 27) 

LEDD (n=246) 300 (0, 450) 

Levodopa use, duration (years, n=240) 2 (0, 5) 

DA use, duration (years, n=244) 1 (0, 4) 

MAOIs use, duration (years, n=245) 0 (0, 1) 

Table 1. Characteristics of the study cohort (N=247). Categorical variables are presented as 
count (percentage). Continuous variables are presented as median (Q1, Q3). In case of missing 
data, the sample size for the variable of interest is reported in brackets. Legend: DA: dopamine 
agonist; H&Y: Hoehn and Yahr stage; ICD: impulse control disorder; LEDD: levodopa equivalent 
daily dose; LID: Levodopa-induced dyskinesia; MAOIs: monoamine oxidase inhibitors.  

 

Preprocessing and statistical analyses 

As initial preprocessing step, variables with a missing data proportion exceeding 50% were 

discarded. The remaining features then underwent a baseline statistical comparison between the 

clinical outcome groups (LID and motor fluctuations). This comparison, presented in Table S1, 

was performed using a complete-case analysis, applying the Mann-Whitney U test for continuous 

data and Pearson's chi-square test for categorical data. Before each training session, the 

remaining missing values were imputed using the median for numerical features and the mode 

(most frequent category) for categorical features; then, all numerical features were scaled to a 

mean of 0 and a standard deviation of 1. 
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Training 

Binary classification of patients was performed to predict the onset of the target outcome (LID or 

motor fluctuations) in PD patients within three years from baseline evaluations. Five ML models 

were tested: Random Forest (RF), ExtraTrees Classifier (ETC), Extreme Gradient Boosting 

(XGB), Logistic Regression (LR), Support Vector Classifier (SVC). In addition, two ensemble 

techniques were employed: a Voting classifier that aggregated predictions from RF, SVC, XGB, 

and LR, and a Stacking classifier that used the predictions from XGB, RF, and SVC as input 

features for a final LR meta-model.  

To assess model performance, a Randomized Nested Grid Search Cross Validation (CV) strategy 

was implemented; the workflow is summarized in Figure 1. The full procedure iterated 30 times 

to assess stability, with the average and standard deviations across these iterations reported as 

results. In each of the 30 iterations, the entire dataset was first randomly split into 80% for training 

and 20% for hold-out testing. To ensure representative data splits, this partitioning was stratified 

by both the target outcome and the baseline symptom status (i.e., ensuring an equal proportion 

of patients with baseline motor complications in both the training and test sets).  

Within each of the 30 training loops, a repeated (5 repetitions) 3-fold CV approach was employed 

to find the best model configuration over a predefined parameter space (randomized grid search 

over 20 parameters combinations; see Table S2). The model configuration achieving the best 

averaged Matthews Correlation Coefficient (MCC) (15) across these internal validation folds was 

selected as the optimal architecture for that iteration and refitted on the entire training set. 

To ensure the clinical reliability of risk predictions, the optimal model underwent probability 

calibration prior to final evaluation. Raw classifier outputs were mapped to true posterior 

probabilities using an internal CV strategy. Specifically, Platt Scaling (16) was applied via a 5-fold 

CV scheme on the training data. Calibration quality was assessed according to the calibration 

hierarchy proposed by Van Calster et al. (17): weak calibration was quantified via the calibration 

intercept and slope, while moderate calibration was visually inspected using flexible calibration 

curves to ensure alignment between predicted probabilities and observed frequencies (see 

Supplementary Materials, Figure S1 and S3). 

All model training and optimization procedures were implemented using scikit-learn. All 

computational steps, including preprocessing and classification, were integrated into a single 

pipeline to create a clean and reproducible training flow and to prevent data leakage (i.e., ensure 
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that information from the test set did not influence the training process).

 

Figure 1. Schematic representation of the repeated nested cross-validation pipeline and 

experimental conditions. The entire workflow was repeated 30 times, reporting mean ± SD 

across iterations. Left panel. (1) Train–test split: in each outer iteration, data were split into 80% 

training and 20% hold-out test, stratified by outcome and baseline motor-complication status. (2) 

Randomized search: within the training set, hyperparameters were optimized via a randomized 

search (20 configurations; Table S2) using 3-fold CV (5 repeats), selecting the configuration with 

the best mean MCC across internal validation folds. (3) Model calibration: the selected model was 

probability-calibrated with Platt scaling using 5-fold CV on the training data (see Supplementary 

Materials, Figures S1, S3). (4) Performance evaluation: metrics (MCC, AUC-ROC, F1-score, 

sensitivity, specificity) were computed on the hold-out test set both globally (all patients) and in 

the clinically relevant subgroup excluding patients with baseline LID/motor fluctuations. (5) Model 

explainability: calibrated risk predictions were interpreted with SHAP, aggregating explanations 

across outer iterations to assess stability of feature contributions. Right panel. Experimental 

conditions used to probe the role of baseline motor-complication status in learning: training on all 

patients, training on baseline-negative only, and a random patient-removal control (matched in 

sample size and preserving the stratification of both outcome and baseline motor complications). 

CV: cross validation; MCC: Matthew's Correlation Coefficient; LID: Levodopa induced dyskinesia. 
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Evaluation 

Model performance was assessed with a strong emphasis on clinical utility. As described in the 

training settings, ML classifiers were developed on the entire training population to maximize 

available information utilization. Performance metrics (MCC, AUC-ROC, F1-Score, Sensitivity 

and Specificity) were computed on the hold-out test set in two distinct ways: 

● Global Evaluation: metrics were calculated on all patients in the test set. These results 

were inherently biased due to the inclusion of patients who already had the target motor 

complication at baseline. 

● Clinically Relevant Evaluation: all patients presenting LID or motor fluctuations at baseline 

were excluded from the computation of performance metrics. This analysis specifically 

assesses the model's ability to forecast the onset of motor complication in patients that 

did not present LID or motor fluctuations at baseline - the clinically relevant scenario. 

Two key methodological decisions underpinned this evaluation framework. First, to ensure the 

models were evaluated on their ability to predict the onset of LID or motor fluctuations, the 

baseline value of the target outcome was deliberately excluded from the feature set. This 

prevented the models from learning a trivial classification shortcut based on the presence or 

absence of the target outcome at baseline. 

Second, to investigate the specific contribution of dyskinetic or fluctuating patients at baseline to 

the model’s learning process, a controlled ablation study was implemented. Adhering strictly to 

the Nested Grid Search CV pipeline described above, we first retrained the models solely on the 

subset of patients who were non-dyskinetic or non-fluctuating at baseline. This aimed to test 

whether the model could learn onset trajectories exclusively from the feature signals of patients 

free from LID or motor fluctuations. Because excluding these patients also reduces the numerosity 

of the training set, we then disentangled the effect of sample-size reduction from the effect of 

losing information from patients with motor complications at baseline. To do so, in each outer 

iteration we ran a control experiment in which we removed a random subset of patients equal in 

size to the excluded LID or motor fluctuation group, preserving the stratification of both outcome 

and baseline motor complications. Comparing performance across these two scenarios allowed 

us to determine whether any changes were primarily driven by fewer training examples (quantity 

of data) or by the loss of informative signals from patients with motor complications at baseline 

(quality of signal). 
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Model Explainability 

To ensure clinical transparency, model explainability was assessed using SHAP (SHapley 

Additive exPlanations) (18) to interpret the calibrated risk predictions. SHAP values were 

computed directly on the final probability outputs using a model-agnostic Kernel Explainer 

ensuring that feature contributions reflected the actual clinical risk scores. This analysis was 

performed iteratively across each outer iteration, generating local explanations for the held-out 

test set. These values were subsequently concatenated to produce a single global summary plot, 

visualizing the stability and magnitude of feature contributions across the entire study cohort.  

Beyond the global feature rankings, we specifically investigated the contribution of LEDD to the 

prediction of future LID. The aim was to determine how variations in feature value influenced this 

prediction, and to identify a critical dosage threshold. To explore this non-linear relationship, we 

generated SHAP dependence plots which illustrate the marginal contribution (SHAP value) of the 

LEDD feature as its actual value changes across the patient cohort. 
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Results 

LID Prediction 

Model evaluation for future LID prediction was primarily based on the MCC, a metric chosen for 

its robustness in imbalanced classification (prevalence: 39% total, 31% evaluation subset). While 

the highest MCC scores were generally achieved when training and testing on the full cohort (SVC 

MCC = 0.46 ± 0.11; XGB MCC = 0.42 ± 0.11), these performances were considered inflated by 

the inclusion in the evaluation set of patients with LID at baseline. Therefore, to maximize clinical 

relevance, final model selection was based on performance specifically within the subset of 

patients who were free from LID at baseline. The best-performing models in this clinically relevant 

analysis were the SVC and XGB, which were selected for detailed evaluation (see Supplementary 

Table S3 for all performance metrics).  

Focusing on the task of predicting only the new onset of LID, the two models achieved moderate 

predictive power (SVC MCC 0.28 ± 0.14; XGB MCC 0.26 ± 0.16). However, when the training 

strategy was altered to entirely exclude patients free from LID at baseline, a severe performance 

drop was observed, particularly for the tree-based model (XGB MCC 0.02 ± 0.11).  

To understand the key drivers behind the predictions of the SVC model, we conducted a SHAP 

analysis. The global feature importance is visualized in the summary plot (Figure 2A), which 

reveals that LEDD, motor fluctuations at baseline, and duration of Levodopa therapy were the 

three most influential features for SVC in predicting dyskinesia. For all three features, larger 

values (indicated by red dots) corresponded to positive SHAP values, indicating a strong 

contribution toward predicting the presence of future LID. Conversely, low values for these 

features (blue dots) were associated with negative SHAP values, driving the model to predict 

absence of LID within three years from the baseline. 

Given its high importance and clinical relevance, the LEDD feature was analyzed in greater detail 

to investigate whether a specific dosage threshold is associated with high risk of future LID. The 

SHAP dependence plot (Figure 2B) revealed that doses below approximately 300-400 mg cluster 

around or below a SHAP value of zero, suggesting a minimal impact on the model's prediction. 

In contrast, at doses above this 300-400 mg threshold, the SHAP values become almost 

exclusively positive, indicating that higher Levodopa doses significantly increase the model's 

predicted risk of developing LID. 
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This interpretability analysis was also performed on the XGB model. The results were highly 

consistent with SVC: the SHAP analysis identified the same key drivers of risk, and the LEDD 

dependence analysis revealed an identical 300-400 mg risk threshold. The full SHAP summary 

and dependence plots for the XGB model are provided in the Appendix (Figure S2). 

 

Figure 2. SHAP analysis of SVC for the prediction of future LID. A. Global feature importance 

and impact for the SVC model revealed by SHAP. Features are ranked in descending order of 

importance. Each dot represents a patient from the test set. The horizontal axis shows the SHAP 

value, indicating the feature's contribution to predicting LID (positive values) or absence of LID 

(negative values) within the third year. Color indicates the feature's original value (blue=low, 

red=high), revealing the direction and magnitude of its effect. B. Detailed analysis of the LEDD 

feature using a SHAP dependence plot for the SVC model. The x-axis plots the patient's actual 

LEDD on its original scale, while the y-axis plots the SHAP value, indicating the feature's 

contribution to the prediction. A potential dosage threshold is visible around 300-400 mg, where 

the feature's impact (SHAP value) transitions from negative (low risk) to positive (high risk). LEDD: 

Levodopa equivalent daily dose; LID: Levodopa-induced dyskinesia; MAOIs: monoamine oxidase 

inhibitors. 

 

Motor fluctuations prediction 

For the prediction of motor fluctuations, across all tested classifiers (Supplementary Table S4), 

the Voting ensemble and RF were the best performing models and were selected for further 

analysis. Consistent with the LID task, performance metrics were significantly inflated when 

evaluated on the full cohort (Table 6, MCC Voting = 0.51 ± 0.12, MCC RF = 0.53 ± 0.11). Focusing 

on the clinically relevant prediction of new onset in patients free of motor complications at 

baseline, a substantial performance drop was observed for both models (Voting MCC = 0.32 ± 

0.18, RF MCC = 0.32 ± 0.18). 
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When models were trained directly on patients without baseline motor fluctuations, a further 

performance decline was observed (Voting MCC = 0.08 ± 0.15, RF MCC = 0.10 ± 0.15), mirroring 

the trend observed in the LID analysis.  

To identify the key drivers for the motor fluctuations prediction, we performed a SHAP analysis 

on the best performing models. The resulting global feature importance for the Voting ensemble 

model is shown in the summary plot (Figure 3), which reveals a SHAP pattern consistent with that 

of the RF model (Figure S4). 

 
Figure 3. SHAP analysis of Voting ensemble for prediction of future motor fluctuations. 

Global feature importance and impact for the Voting ensemble revealed by SHAP. Features are 

ranked in descending order of importance. Each dot represents a patient from the test set. The 

horizontal axis shows the SHAP value, indicating the feature's contribution to predicting the 

presence (positive values) or absence of motor fluctuations (negative values) within the third year. 

Colors indicate the feature's original value (blue=low, red=high), revealing the direction and 

magnitude of its effect. DA: dopamine agonist; LEDD: levodopa equivalent daily dose; LID: 

Levodopa-induced dyskinesia; MAOIs: monoamine oxidase inhibitors.  

 

Impact of Training Cohort Composition 

A controlled ablation study was performed for both clinical tasks to investigate the drivers of the 

performance collapse observed when training exclusively on patients without motor complications 

at baseline. 
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First, the impact of sample size was assessed. When a random subset of patients - matched in 

exact size to the group of individuals with complications at baseline - was removed from training 

(Supplementary Table S3, S4), predictive performance remained robust and comparable to the 

full-cohort training for both outcomes. This suggests that the deterioration observed after 

excluding patients with baseline motor complications was not attributable to the reduced cohort 

size, but rather to the loss of specific clinical information. 

Second, evaluation of the resulting models highlighted a dissociation between discrimination and 

threshold-based decision performance. While rank-based metrics were relatively preserved (e.g., 

SVC AUC-ROC for LID remained stable at 0.67 ± 0.08, compared to 0.70 ± 0.09 in the random 

patient removal), decision-based metrics collapsed (MCC dropping to ~ 0.10 and Sensitivity 

decreasing by >50%). This contrast indicates that while the models could still rank patients by 

risk, they failed to assign calibrated probabilities high enough to cross the decision threshold. 

Notably, the magnitude of this dissociation varied across model architectures. While boosting and 

randomized ensembles (XGB, ETC) exhibited the most severe collapse in overall decision-

making capability (e.g., XGB MCC for the LID task dropping to 0.02 ± 0.11), RF and linear models 

(LR, SVC) retained comparatively higher stability (0.17 ± 0.15 and 0.14 ± 0.17 respectively on the 

LID task). However, the substantial overlap in performance variance across all algorithms 

indicates that while linear and averaging strategies appeared slightly more resilient, the 

generalized loss of sensitivity (dropping below 0.25 across all architectures) confirms that no 

algorithm was immune to the exclusion of patients with pre-existing motor complications. 
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Discussion 

Levodopa-induced dyskinesias (LID) 

Consistently with previous studies (4), a longer cumulative exposure to Levodopa, a higher LEDD 

and the presence of motor fluctuations at baseline were the strongest determinants of LID at 

follow-up in our cohort. Moreover, a longer disease duration at baseline was associated with a 

higher subsequent risk of LID. These results are consistent with observations by Cilia and 

colleagues, showing that the disease duration and the cumulative duration of the exposure to 

Levodopa, rather than the disease duration at the time of Levodopa initiation, are the stronger 

predictors of both motor fluctuations and LID in PD (4). A higher LEDD has been consistently 

reported as a risk factor for the development of LID, with critical LEDD thresholds lying between 

365 and 400 mg daily, according to different studies (4,19). This association was confirmed by 

our model, which showed a substantial increase of the risk of LID for LEDD values greater than 

300-400 mg daily. Paralleling previous observations (19–21), we showed that female PD patients 

are at higher risk of LID. Both lower body weight and gender-related differences in the 

pharmacokinetics of Levodopa may underlie this finding (22). Similarly, we confirm previous 

observations on the association between a younger age at disease onset and an increased risk 

of LID (4,19,23–25). In young-onset PD, pre- and post-synaptic neuronal plasticity mechanisms 

are supposed to effectively compensate the dopaminergic neuronal loss until the very late stages 

of the disease, in which a more severe depletion of dopaminergic cells occurs (4,26,27). Young-

onset PD patients are therefore supposed to present with a more severe dopaminergic loss 

compared to older-onset persons with PD with similar severity of motor features, thus accounting 

for an increased risk of motor fluctuations (4,26). 

In our cohort, higher MDS-UPDRS III scores at baseline were associated with a lower subsequent 

risk of motor fluctuations. This is not consistent with what reported by a previous study by Eusebi 

and colleagues (20). It is worth noting that the tremor items have a greater relative weight in 

determining the total score MDS-UPDRS III compared to akinesia and rigidity items. Therefore, 

persons presenting a tremor-dominant phenotype tend to score higher at the MDS-UPRDS III 

compared to rigid-akinetic phenotypes. In our cohort, PD patients with a tremor-dominant 

phenotype show a lower risk of future LID. The association observed between MDS-UPDRS III 

scores, and the risk of LID may be therefore driven by differences in clinical phenotypes rather 

than in disease severity. 
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Motor fluctuations 

In our model, motor fluctuations at follow-up were associated with a higher LEDD, a longer 

cumulative exposure to Levodopa, and a younger age at baseline. Similarly to LID, both the higher 

LEDD, a longer cumulative exposure to Levodopa and a longer disease duration, are well 

established risk factors for motor fluctuations in PD (4,21). In our cohort, motor fluctuations were 

associated with lower MDS-UPDRS III scores. Prior studies report conflicting findings, showing 

either a positive (2,5,28) or no association between MDS-UPDRS III scores (21). As previously 

speculated for LID, the higher MDS-UPDRS III motor scores at baseline may reflect differences 

in the clinical phenotype rather than in disease severity alone and therefore justify our 

observation. Depression emerged as a protective factor for motor fluctuations in our models. Non-

dopaminergic pathways, including serotoninergic and noradrenergic pathways, seem to be 

involved in the pathophysiology of motor fluctuations in PD. Persons with depression may be 

treated with drugs acting on these neurotransmitters, which may therefore exert an indirect effect 

on motor fluctuations (29). In our cohort the presence of LID at baseline was associated with an 

increased risk of subsequent motor fluctuations. Motor fluctuations and LID are strongly 

associated phenomena that frequently co-occur in advanced stage PD (30). From a 

pathophysiological perspective, shared pathological changes affecting the basal ganglia 

dopaminergic networks may favor both motor fluctuations and LID. In fact, as the nigrostriatal 

denervation becomes more severe with disease progression, changes in the dopaminergic 

receptor sensitivity to Levodopa occur, making PD patients more dependent on the pulsatile oral 

administration of the drug. This may lead to motor fluctuations with sudden transitions from “on” 

and “off” states, which are typically counteracted by an increase of the oral Levodopa intake that 

may in turn favor the development of LID (4,26). 

 

The role of patients with baseline motor complications in model training 

A critical finding of our ablation study was that the inclusion of patients with pre-existing motor 

complications in the training set is essential for model sensitivity, even when the clinical aim is to 

predict new onset in patients currently free of these complications. 

The dissociation observed between preserved discrimination (AUC-ROC, which reflects the 

model's intrinsic ranking ability independent of threshold) and collapsed decision-making (MCC) 

provides insight into the underlying learning mechanism. The cohort without baseline motor 

complications provided sufficient information for the models to learn the relative risk ranking but 

lacked the examples necessary to scale these predictions into high probabilities.  
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In the absence of patients with evident motor complications acting as high-confidence reference 

cases, the models learned a compressed probability distribution. This uncertainty was partly 

driven by an artificially lowered baseline prevalence; excluding prevalent cases skewed the study 

cohort and reduced the overall probability of a positive outcome. To account for this lower 

prevalence and the subtler clinical presentation of newly incident cases, models adjusted their 

overall risk estimates downwards. Consequently, even the highest-risk patients received 

conservative scores that rarely crossed the clinical threshold for detection. 

This suggests that patients with pre-existing complications serve as anchor examples, 

establishing the upper bound of the risk probability scale. Without these extremes the model lacks 

a reference for high-confidence prediction. This dependency was observed consistently across 

model architectures: no single algorithm demonstrated immunity to the loss of these reference 

cases. These results support the intuition that to confidently detect the subtle signs of onset in 

patients free from motor complications, model training benefits from including the full spectrum of 

disease severity, even advanced cases, to establish a robust probabilistic frame of reference. 

 

Strengths  

Identifying individuals at risk of developing motor complications is crucial to improve quality of life, 

prevent disability, and tailor both pharmacological and non-pharmacological management of 

motor and non-motor symptoms in PD (31). Although several risk factors for LID and motor 

fluctuations are well-documented, a comprehensive tool for systematic risk stratification is still 

lacking. To date, ML efforts to model these predictors in PD have remained largely exploratory 

(9). 

In this multicentric longitudinal cohort study, we address this gap by introducing a robust ML 

workflow designed to develop and stress-test predictive classifiers for early onset of LID and 

motor fluctuations in PD. Our findings align with existing evidence on risk factors for motor 

fluctuations, while providing a more comprehensive, multidimensional assessment of the 

contribution of individual clinical and demographic variables. Beyond standard performance 

metrics, the proposed methodology prioritizes clinical utility by stress-testing the workflow for 

model instability and miscalibration—two key barriers to clinical translation. By integrating SHAP-

based explainability and evaluating performance on a clinically relevant test population, the 

workflow provides a transparent and unbiased assessment of future risk. This design ensures 

that the model’s discriminative power reflects true predictive utility for new-onset complications, 

supporting clinical decision-making without overinflating performance. 
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Limitations 

Our study has some limitations. First, although we leveraged two independently curated, 

prospectively collected datasets to ensure high-quality data, the rigorous cleaning process 

required to maintain methodological homogeneity over the three-year follow-up reduced the 

effective sample size. Second, while our multicenter approach is a strength, we acknowledge that 

international heterogeneity, including variations in drug availability, treatment habits, and socio-

economic factors, may influence the development of motor complications; consequently, 

validation in larger and more geographically diverse cohorts is needed to confirm the 

generalizability of our findings. Third, due to regulatory and ethical restriction, genetic data were 

available for only a minority of patients and were excluded to preserve statistical power. Fourth, 

missing baseline body weight for a substantial proportion of the cohort precluded the calculation 

of weight-adjusted LEDDs. Finally, information on gastrointestinal dysfunction was modeled as 

part of a pooled variable with other autonomic symptoms. Although this was necessary to 

preserve sample size, gastrointestinal-specific disturbances (e.g. delayed or erratic gastric 

emptying, constipation and other symptoms) may selectively impact Levodopa pharmacokinetics 

and therefore motor fluctuations and LID. While the autonomic dysfunction proxy captures general 

dysautonomia, future research should disentangle these features to isolate the specific predictive 

contribution of gastrointestinal symptoms on motor outcomes. 
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Supplementary Materials 

 
 

Future LID Future motor fluctuations 

Attribute Negative Positive P-value Negative Positive P-value 

Use of DA (No) N (%) 48 (31.8%) 26 
(27.1%) 

0.519 41 
(30.1%) 

33 
(29.2%) 

0.921 

Anxiety (Absent) N (%) 119 
(78.8%) 

67 
(69.8%) 

0.147 102 
(76.1%) 

84 
(74.3%) 

0.861 

Cognitive status (Normal) N (%) 134 
(88.7%) 

83 
(86.6%) 

0.635 119 
(88.8%) 

98 
(86.7%) 

0.938 

Cognitive status (MCI) N (%) 10 (6.6%) 9 (9.4%) 
 

11 (8.2%) 8 (7.1%) 
 

Cognitive status (Dementia) N (%) 3 (2.0%) 3 (3.1%) 
 

3 (2.2%) 3 (2.7%) 
 

Depression (Absent) N (%) 107 
(70.9%) 

70 
(72.9%) 

0.838 84 
(62.7%) 

93 
(82.3%) 

0.001 

Presence of dysautonomia (Absent) N 
(%) 

92 (60.9%) 67 
(69.8%) 

0.166 82 
(61.2%) 

77 
(68.1%) 

0.006 

Presence of dysautonomia (Other) N 
(%) 

48 (31.8%) 20 
(20.8%) 

 
46 
(34.3%) 

22 
(19.5%) 

 

Presence of dysautonomia (Orthostatic 
hypotension) N (%) 

11 (7.3%) 9 (9.4%) 
 

6 (4.5%) 14 
(12.4%) 

 

Years since diagnosis (0-5) N (%) 106 
(70.2%) 

39 
(40.6%) 

< 0.001 96 
(71.6%) 

49 
(43.4%) 

< 0.001 

Years since diagnosis (5-10) N (%) 34 (22.5%) 29 
(30.2%) 

 
29 
(21.6%) 

34 
(30.1%) 

 

Years since diagnosis (>10) N (%) 11 (7.3%) 28 
(29.2%) 

 
9 (6.7%) 30 

(26.5%) 

 

LID (Absent) N (%) 151 
(100.0%) 

62 
(64.6%) 

< 0.001 132 
(97.8%) 

82 
(72.6%) 

< 0.001 

Falls (Absent) N (%) 136 
(90.1%) 

80 
(83.3%) 

0.174 120 
(89.6%) 

96 
(85.0%) 

0.372 

Family history (for PD) (No) N (%) 101 
(66.2%) 

67 
(69.8%) 

0.657 83 
(61.9%) 

84 
(74.3%) 

0.053 

Freezing (Absent) N (%) 137 
(90.7%) 

79 
(82.3%) 

0.079 123 
(91.8%) 

93 
(82.3%) 

0.040 

Gender (Male) N (%) 100 
(66.2%) 

51 
(53.1%) 

0.054 86 
(64.2%) 

65 
(57.5%) 

0.348 

H&Y stage 2 N (%) 76 (50.3%) 52 
(54.2%) 

0.179 70 
(52.2%) 

58 
(51.3%) 

0.098 

H&Y stage 1 N (%) 53 (35.1%) 24 
(25.0%) 

 
47 
(35.1%) 

30 
(26.5%) 

 

H&Y stage >2 N (%) 22 (14.6%) 20 
(20.8%) 

 
17 
(12.7%) 

25 
(22.1%) 

 

Hyposmia N (%) 73 (48.3%) 64 
(66.7%) 

0.005 64 
(47.8%) 

73 
(64.6%) 

0.006 

ICD N (%) 142 
(94.0%) 

85 
(88.5%) 

0.192 125 
(93.3%) 

102 
(90.3%) 

0.527 

Use of MAOIs (N) (%) 59 (39.1%) 41 
(42.7%) 

0.664 43 
(32.1%) 

57 
(50.4%) 

0.005 

Use of Levodopa N (%) 61 (40.4%) 14 
(14.6%) 

< 0.001 61 
(45.5%) 

14 
(12.4%) 

< 0.001 

Motor fluctuations (Absent) N (%) 139 
(92.1%) 

49 
(51.0%) 

< 0.001 134 
(100.0%) 

54 
(47.8%) 

< 0.001 

Phenotype (Akinetic) N (%) 56 (37.1%) 46 
(47.9%) 

0.121 51 
(38.1%) 

51 
(45.1%) 

0.320 

Sleep/Wake disorders (Absent) N (%) 84 (55.6%) 62 
(64.6%) 

0.207 73 
(54.5%) 

73 
(64.6%) 

0.138 
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Age at baseline Median [Q1, Q3] 70 [63, 75] 68 
[61.75, 
73] 

0.061 70 [64.25, 
75] 

67 [61, 
73] 

0.024 

DA use, duration  Median [Q1, Q3] 0 [0, 3] 3 [0, 7] < 0.001 0 [0, 3] 3 [0, 7] < 0.001 

Education Median [Q1, Q3] 11.5 [8, 13] 9 [8, 13] 0.407 13 [8, 13] 10 [8, 
13] 

0.212 

IMAOYears Median [Q1, Q3] 0 [0, 1] 0 [0, 2] 0.020 0 [0, 1] 0 [0, 2] 0.174 

Levodopa use, duration Median [Q1, 
Q3] 

0 [0, 2] 4 [2, 8] < 0.001 0 [0, 2] 3.5 [2, 7] < 0.001 

MDS-UPDRS III (ON) Median [Q1, Q3] 19 [11, 29] 16 [12, 
21.75] 

0.081 19 [12.5, 
29] 

16 [11, 
22] 

0.032 

YearsSymptomsDiagnosis Median [Q1, 
Q3] 

1 [0, 2] 1 [0, 2] 0.952 1 [0, 2] 1 [0, 2] 0.775 

LEDD Median [Q1, Q3] 200 [0, 
300] 

400 [275, 
650] 

< 0.001 150 [0, 
300] 

400 
[250, 
625] 

< 0.001 

Table S1: Descriptive statistics of baseline attributes and statistical significance with 

respect to the outcome. Baseline characteristics stratified by future outcome. Continuous 

variables are presented as median [Q1, Q3] and were compared using the Mann-Whitney U test. 

Categorical variables are presented as count (percentage of group total) and were compared 

using Pearson's chi-square test. For multi-level categorical variables, the p-value tests the overall 

distribution. P-values <0.001 indicate strong statistical evidence. Statistical tests were performed 

using complete-case analysis, excluding missing values. DA: dopamine agonist; H&Y: Hoehn and 

Yahr stage; ICD: impulse control disorder; LEDD: levodopa equivalent daily dose; LID: Levodopa-

induced dyskinesia; MAOIs: monoamine oxidase inhibitors. 
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Model Hyperparameter Search Space / Values 

Random Forest max_depth 1 to 110 (step 1) 

min_samples_split 2 to 30 (step 1) 

max_features log2, sqrt 

n_estimators 100 to 1000 (step 5) 

class_weight balanced, balanced_subsample 

Extra Trees n_estimators 1 to 800 (step 5) 

max_depth 1 to 40 (step 1) 

max_features 1 to 40 (step 1) 

class_weight balanced, balanced_subsample 

XGBoost learning_rate 0.01 to 0.1 (Uniform) 

subsample 0.4 to 1.0 (Uniform) 

n_estimators 50 to 250 (Integer) 

max_depth 1 to 20 (step 1) 

gamma 0 to 0.5 (Uniform) 

scale_pos_weight 1, 2, 3, 4, 5, 6, 7, 8, 9 

Logistic Regression C 0.001 to 1000 (Log-Uniform) 

max_iter 500 to 1000 (step 1) 

fit_intercept True, False 

class_weight balanced 

SVC C 0.0001 to 10000 (Log-Uniform) 

kernel linear, poly, rbf, sigmoid 

degree 2, 3, 4 

gamma 0.001 to 1.0 (Uniform) 

coef0 0, 0.5, 1 

shrinking True, False 

class_weight balanced 

Table S2. Summary of the hyperparameter search spaces and sampling strategies used for 

model optimization. Ranges for continuous variables are specified with their respective 

distribution types (Uniform or Log-Uniform), while discrete parameters include the step size or the 

set of specific categorical values evaluated during the tuning process. 
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Train cohort composition All Non dyskinetic 
only 

All (r. s.) 

Test cohort composition All Non dyskinetic 
only 

Non dyskinetic 
only 

All (r. s.) Non dyskinetic 
only (r. s.) 

Model Metric 

ETC AUC 0.77 ± 0.06 0.70 ± 0.08 0.67 ± 0.08 0.78 ± 0.06 0.71 ± 0.08 

F1 0.59 ± 0.07 0.40 ± 0.10 0.11 ± 0.12 0.60 ± 0.08 0.43 ± 0.16 

MCC 0.42 ± 0.11 0.24 ± 0.14 0.03 ± 0.15 0.45 ± 0.11 0.29 ± 0.18 

Sens. 0.51 ± 0.08 0.33 ± 0.10 0.07 ± 0.09 0.50 ± 0.10 0.35 ± 0.15 

Spec. 0.87 ± 0.07 0.87 ± 0.07 0.95 ± 0.05 0.90 ± 0.05 0.90 ± 0.05 

LR AUC 0.78 ± 0.06 0.70 ± 0.07 0.69 ± 0.07 0.78 ± 0.06 0.71 ± 0.09 

F1 0.57 ± 0.08 0.39 ± 0.11 0.21 ± 0.12 0.56 ± 0.11 0.40 ± 0.14 

MCC 0.41 ± 0.11 0.25 ± 0.13 0.17 ± 0.15 0.39 ± 0.12 0.25 ± 0.15 

Sens. 0.48 ± 0.10 0.33 ± 0.12 0.14 ± 0.08 0.47 ± 0.13 0.34 ± 0.14 

Spec. 0.88 ± 0.07 0.88 ± 0.07 0.96 ± 0.05 0.88 ± 0.05 0.88 ± 0.05 

RF AUC 0.80 ± 0.06 0.73 ± 0.08 0.70 ± 0.07 0.80 ± 0.06 0.73 ± 0.09 

F1 0.62 ± 0.07 0.45 ± 0.10 0.28 ± 0.14 0.66 ± 0.06 0.51 ± 0.11 

MCC 0.43 ± 0.11 0.27 ± 0.14 0.14 ± 0.16 0.47 ± 0.09 0.34 ± 0.14 

Sens. 0.59 ± 0.09 0.43 ± 0.11 0.22 ± 0.11 0.61 ± 0.09 0.48 ± 0.14 

Spec. 0.82 ± 0.08 0.82 ± 0.08 0.89 ± 0.07 0.84 ± 0.07 0.84 ± 0.07 

STACKING AUC 0.79 ± 0.06 0.72 ± 0.08 0.69 ± 0.06 0.79 ± 0.06 0.72 ± 0.09 

F1 0.62 ± 0.07 0.45 ± 0.10 0.23 ± 0.14 0.64 ± 0.07 0.49 ± 0.09 

MCC 0.42 ± 0.12 0.27 ± 0.14 0.12 ± 0.14 0.44 ± 0.10 0.31 ± 0.13 

Sens. 0.59 ± 0.09 0.44 ± 0.12 0.17 ± 0.12 0.59 ± 0.09 0.45 ± 0.12 

Spec. 0.82 ± 0.08 0.82 ± 0.08 0.92 ± 0.06 0.83 ± 0.06 0.83 ± 0.06 

SVC AUC 0.79 ± 0.06 0.70 ± 0.08 0.67 ± 0.08 0.78 ± 0.06 0.70 ± 0.09 

F1 0.61 ± 0.07 0.43 ± 0.11 0.19 ± 0.14 0.60 ± 0.08 0.42 ± 0.11 

MCC 0.44 ± 0.12 0.28 ± 0.14 0.14 ± 0.17 0.43 ± 0.10 0.26 ± 0.14 

Sens. 0.54 ± 0.09 0.37 ± 0.12 0.12 ± 0.10 0.52 ± 0.09 0.35 ± 0.11 
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Spec. 0.87 ± 0.07 0.87 ± 0.07 0.95 ± 0.05 0.88 ± 0.06 0.88 ± 0.06 

VOTING AUC 0.80 ± 0.06 0.72 ± 0.08 0.68 ± 0.08 0.79 ± 0.06 0.72 ± 0.09 

F1 0.63 ± 0.06 0.45 ± 0.10 0.25 ± 0.14 0.64 ± 0.07 0.48 ± 0.12 

MCC 0.43 ± 0.10 0.27 ± 0.13 0.13 ± 0.16 0.45 ± 0.10 0.31 ± 0.15 

Sens. 0.59 ± 0.09 0.43 ± 0.12 0.18 ± 0.11 0.59 ± 0.09 0.45 ± 0.14 

Spec. 0.82 ± 0.08 0.82 ± 0.08 0.91 ± 0.07 0.84 ± 0.06 0.84 ± 0.06 

XGB AUC 0.77 ± 0.06 0.70 ± 0.08 0.66 ± 0.07 0.78 ± 0.06 0.72 ± 0.09 

F1 0.60 ± 0.08 0.45 ± 0.11 0.13 ± 0.11 0.63 ± 0.07 0.49 ± 0.12 

MCC 0.39 ± 0.13 0.26 ± 0.16 0.02 ± 0.11 0.43 ± 0.11 0.31 ± 0.15 

Sens. 0.57 ± 0.09 0.44 ± 0.11 0.09 ± 0.09 0.57 ± 0.10 0.45 ± 0.16 

Spec. 0.81 ± 0.08 0.81 ± 0.08 0.92 ± 0.07 0.84 ± 0.07 0.84 ± 0.07 

Table S3. Comparative Performance of Machine Learning Models for Predicting LID Onset. 
The table displays key performance metrics (AUC, F1-score, MCC, Sensitivity, Specificity) under 
three distinct experimental conditions: models trained on all patients (first two columns), models 
directly trained only on patients without LID at baseline (third column) and models trained using 
a random subset of patients matching in size the cohort of non-dyskinetic patients at baseline 
(columns four and five). Performance is evaluated on both the entire test set (All) and the clinically 
relevant subset of patients without LID at baseline (Non dyskinetic only). All values are presented 
as mean ± standard deviation. Sens.: Sensitivity, Spec.: Specificity, r.s.: random subset.  
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Figure S1. Probability calibration analysis of the optimal predictive models - LID Task. The 

plots illustrate the alignment between predicted probabilities (x-axis) and observed outcome 

frequencies (y-axis) for the two best-performing models: (A) Support Vector Classifier (SVC) and 

(B) Extreme Gradient Boosting (XGB). The orange squares (dashed line) represent the raw, 

uncalibrated classifier outputs, while the dark blue circles (solid line) depict the posterior 

probabilities after calibration via Platt Scaling. The diagonal dotted line indicates perfect 

calibration. Quantile binning (equal sample size per bin) was employed to ensure statistical 

robustness across the probability range. Inset text reports the quantitative calibration metrics: 

Slope (S, ideal=1), Intercept (I, ideal=0), and Brier Score (B, lower indicates better accuracy). 

Marginal histograms display the distribution of predicted probabilities, highlighting the shift from 

raw scores (orange) to calibrated probabilities (blue). Note that the SVC (A) demonstrates 

naturally higher resolution (predictions clustered at extremes) compared to the XGB model (B). 

 

 

 

 

 

 

 

 

 

 

 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted July 9, 2026. ; https://doi.org/10.64898/2026.07.06.26357357doi: medRxiv preprint 

https://doi.org/10.64898/2026.07.06.26357357
http://creativecommons.org/licenses/by-nc/4.0/


   

 

  27 

 

 
 

Figure S2. SHAP analysis of XGB for the prediction of future LID. A. Global feature 

importance and impact for the XGB model revealed by SHAP. Features are ranked in descending 

order of importance. Each dot represents a patient from the test set. The horizontal axis shows 

the SHAP value, indicating the feature's contribution to predicting LID (positive values) or absence 

of LID (negative values) within the third year. Color indicates the feature's original value (blue=low, 

red=high), revealing the direction and magnitude of its effect. B. Detailed analysis of the levodopa 

equivalent daily dose (LEDD) feature using a SHAP dependence plot for the XGB model. The x-

axis plots the patient's actual LEDD on its original scale, while the y-axis plots the SHAP value, 

indicating the feature's contribution to the prediction. A potential dosage threshold is visible 

around 300-400 mg, where the feature's impact (SHAP value) transitions from negative (low risk) 

to positive (high risk). LEDD: levodopa equivalent daily dose; MAOIs: monoamine oxidase 

inhibitors. 
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Train cohort composition All Non fluctuating 
only 

All (r.s.) 

Test cohort composition All Non fluctuating 
only 

Non fluctuating 
only 

All (r.s.) Non fluctuating 
only (r.s.) 

Model Metric 

ETC AUC 0.80 ± 0.06 0.72 ± 0.08 0.68 ± 0.09 0.81 ± 0.06 0.72 ± 0.08 

F1 0.70 ± 0.06 0.49 ± 0.12 0.04 ± 0.11 0.70 ± 0.06 0.49 ± 0.09 

MCC 0.45 ± 0.10 0.28 ± 0.16 -0.01 ± 0.11 0.48 ± 0.11 0.31 ± 0.14 

Sens. 0.69 ± 0.09 0.52 ± 0.15 0.03 ± 0.08 0.70 ± 0.09 0.53 ± 0.16 

Spec. 0.76 ± 0.07 0.76 ± 0.07 0.97 ± 0.06 0.77 ± 0.10 0.77 ± 0.10 

LR AUC 0.82 ± 0.05 0.72 ± 0.09 0.70 ± 0.09 0.83 ± 0.06 0.74 ± 0.09 

F1 0.71 ± 0.05 0.49 ± 0.12 0.24 ± 0.13 0.70 ± 0.06 0.48 ± 0.10 

MCC 0.51 ± 0.08 0.30 ± 0.16 0.16 ± 0.17 0.50 ± 0.10 0.30 ± 0.14 

Sens. 0.67 ± 0.08 0.47 ± 0.14 0.16 ± 0.09 0.66 ± 0.08 0.46 ± 0.12 

Spec. 0.82 ± 0.06 0.82 ± 0.06 0.94 ± 0.06 0.82 ± 0.08 0.82 ± 0.08 

RF AUC 0.81 ± 0.06 0.72 ± 0.09 0.72 ± 0.09 0.83 ± 0.07 0.74 ± 0.10 

F1 0.74 ± 0.06 0.52 ± 0.13 0.18 ± 0.12 0.74 ± 0.06 0.53 ± 0.11 

MCC 0.53 ± 0.11 0.32 ± 0.18 0.10 ± 0.15 0.55 ± 0.12 0.35 ± 0.15 

Sens. 0.73 ± 0.08 0.53 ± 0.15 0.12 ± 0.09 0.74 ± 0.08 0.55 ± 0.15 

Spec. 0.79 ± 0.07 0.79 ± 0.07 0.93 ± 0.06 0.80 ± 0.10 0.80 ± 0.10 

STACKING AUC 0.81 ± 0.05 0.72 ± 0.09 0.70 ± 0.10 0.83 ± 0.06 0.74 ± 0.10 

F1 0.72 ± 0.06 0.50 ± 0.11 0.09 ± 0.12 0.73 ± 0.06 0.51 ± 0.11 

MCC 0.50 ± 0.11 0.29 ± 0.16 0.03 ± 0.16 0.53 ± 0.11 0.34 ± 0.16 

Sens. 0.71 ± 0.07 0.52 ± 0.12 0.06 ± 0.08 0.72 ± 0.07 0.53 ± 0.15 

Spec. 0.78 ± 0.08 0.78 ± 0.08 0.95 ± 0.06 0.80 ± 0.09 0.80 ± 0.09 

SVC AUC 0.81 ± 0.05 0.72 ± 0.08 0.67 ± 0.08 0.83 ± 0.06 0.73 ± 0.09 

F1 0.70 ± 0.06 0.48 ± 0.10 0.14 ± 0.14 0.72 ± 0.09 0.50 ± 0.15 

MCC 0.48 ± 0.11 0.29 ± 0.14 0.10 ± 0.17 0.53 ± 0.14 0.34 ± 0.20 

Sens. 0.67 ± 0.08 0.47 ± 0.11 0.09 ± 0.09 0.68 ± 0.12 0.49 ± 0.18 
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Spec. 0.81 ± 0.07 0.81 ± 0.07 0.96 ± 0.06 0.83 ± 0.08 0.83 ± 0.08 

VOTING AUC 0.82 ± 0.05 0.73 ± 0.09 0.70 ± 0.07 0.83 ± 0.06 0.74 ± 0.09 

F1 0.73 ± 0.07 0.52 ± 0.13 0.17 ± 0.14 0.74 ± 0.05 0.51 ± 0.12 

MCC 0.51 ± 0.12 0.32 ± 0.18 0.08 ± 0.15 0.53 ± 0.10 0.33 ± 0.15 

Sens. 0.72 ± 0.09 0.54 ± 0.15 0.12 ± 0.10 0.73 ± 0.07 0.53 ± 0.18 

Spec. 0.79 ± 0.08 0.79 ± 0.08 0.93 ± 0.05 0.80 ± 0.08 0.80 ± 0.08 

XGB AUC 0.79 ± 0.05 0.70 ± 0.08 0.69 ± 0.08 0.80 ± 0.06 0.72 ± 0.10 

F1 0.70 ± 0.06 0.49 ± 0.12 0.06 ± 0.10 0.71 ± 0.06 0.49 ± 0.14 

MCC 0.47 ± 0.10 0.28 ± 0.17 -0.01 ± 0.12 0.49 ± 0.12 0.29 ± 0.18 

Sens. 0.69 ± 0.08 0.51 ± 0.16 0.04 ± 0.08 0.70 ± 0.09 0.52 ± 0.18 

Spec. 0.77 ± 0.08 0.77 ± 0.08 0.95 ± 0.05 0.78 ± 0.10 0.78 ± 0.10 

Table S4. Comparative Performance of Machine Learning Models for Predicting Motor 
Fluctuations Onset. The table displays key performance metrics (AUC, F1-score, MCC, 
Sensitivity, Specificity) under three distinct experimental conditions: models trained on all patients 
(first two columns), models directly trained only on patients without fluctuations at baseline (third 
column) and models trained using a random subset of patients matching in size the cohort of 
patients without motor fluctuations at baseline (columns four and five). Performance is evaluated 
on both the entire test set (All) and the clinically relevant subset of patients without motor 
fluctuations at baseline (Non fluctuating only). All values are presented as mean ± standard 
deviation. Sens.: Sensitivity, Spec.: Specificity, r.s.: random subset.  

 

 

 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted July 9, 2026. ; https://doi.org/10.64898/2026.07.06.26357357doi: medRxiv preprint 

https://doi.org/10.64898/2026.07.06.26357357
http://creativecommons.org/licenses/by-nc/4.0/


   

 

  30 

 

 
Figure S3. Probability calibration analysis of the optimal predictive models - motor 

fluctuations task. The plots illustrate the alignment between predicted probabilities (x-axis) and 

observed outcome frequencies (y-axis) for the two best-performing models: (A) Random Forest 

and (B) Voting ensemble. The orange squares (dashed line) represent the raw, uncalibrated 

classifier outputs, while the dark blue circles (solid line) depict the posterior probabilities after 

calibration via Platt Scaling. The diagonal dotted line indicates perfect calibration. Quantile binning 

(equal sample size per bin) was employed to ensure statistical robustness across the probability 

range. Inset text reports the quantitative calibration metrics: Slope (S, ideal=1), Intercept (I, 

ideal=0), and Brier Score (B, lower indicates better accuracy). Marginal histograms display the 

distribution of predicted probabilities, highlighting the shift from raw scores (orange) to calibrated 

probabilities (blue). 
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Figure S4. SHAP analysis of Random Forest  for the prediction of future motor fluctuations. 

Global feature importance and impact for the RF model revealed by SHAP. Features are ranked 

in descending order of importance. Each dot represents a patient from the test set. The horizontal 

axis shows the SHAP value, indicating the feature's contribution to predicting the presence 

(positive values) or absence (negative values) of motor fluctuations within the third year. Color 

indicates the feature's original value (blue=low, red=high), revealing the direction and magnitude 

of its effect. Legend: DA: dopamine agonist; LEDD: levodopa equivalent daily dose; LID: 

Levodopa-induced dyskinesia; MAOIs: monoamine oxidase inhibitors. 
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