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earlier disease onset, earlier non-motor and later motor symptoms, more rapid progression of cognitive decline in PD patients with RBD than PD patients without RBD. This pattern was even more pronounced in patients with isolated RBD with early changes in sleep, followed by cognition and non-motor symptoms and later changes in motor symptoms.

Conclusions: Our findings are consistent with the presence of distinct patterns of progression between patients with and without RBD. Understanding heterogeneity of PD progression is key to decipher the underlying pathophysiology and select homogeneous subgroups of patients for precision medicine.

Introduction

Parkinson's disease (PD) has a long prodromal phase during which neuropathological [START_REF] Braak | Staging of brain pathology related to sporadic Parkinson's disease[END_REF] and clinical (2) changes develop slowly. It is commonly accepted that the progressive onset of motor and non-motor symptoms in PD is secondary to the sequence of brain functional and anatomical alterations. The most influential model describing this prodromal phase, based on neuropathology [START_REF] Braak | Staging of brain pathology related to sporadic Parkinson's disease[END_REF], does not fully explain the considerable heterogeneity of disease presentation [START_REF] Halliday | The progression of pathology in longitudinally followed patients with Parkinson's disease[END_REF][START_REF] Halliday | The progression of pathology in Parkinson's disease[END_REF][START_REF] Greenland | The clinical heterogeneity of Parkinson's disease and its therapeutic implications[END_REF]. Increasing evidence suggests that the sequence and timing of clinical and imaging abnormalities vary considerably between patients.

The description and prediction of individual disease trajectories is important to personalize patient care, select more homogeneous sets of patients for clinical trials or contrast postintervention outcomes with the natural course of the disease [START_REF] Venuto | A review of disease progression models of Parkinson's disease and applications in clinical trials[END_REF][START_REF] Cilia | Natural history of motor symptoms in Parkinson's disease and the long-duration response to levodopa[END_REF]. The general approach is to cluster patient data at baseline, and then show that the rates of change in biomarker levels differ significantly between clusters [START_REF] Aleksovski | Disease progression in Parkinson subtypes: the PPMI dataset[END_REF][START_REF] Lawton | Developing and validating Parkinson's disease subtypes and their motor and cognitive progression[END_REF][START_REF] Pablo-Fernández | Prognosis and Neuropathologic Correlation of Clinical Subtypes of Parkinson Disease[END_REF][START_REF] Fereshtehnejad | New Clinical Subtypes of Parkinson Disease and Their Longitudinal Progression: A Prospective Cohort Comparison With Other Phenotypes[END_REF][START_REF] Duarte Folle | Clinical progression in Parkinson's disease with features of REM sleep behavior disorder: A population-based longitudinal study[END_REF]. Such methods have successfully been used to define stereotypic progression profiles, such as a motor-predominant less severe form of the disease relative to a diffuse severe 'malignant' form with greater cognitive impairment, rapid eye movement sleep behavioral disorders (RBD), and dysautonomia [START_REF] Fereshtehnejad | Clinical criteria for subtyping Parkinson's disease: biomarkers and longitudinal progression[END_REF]. However, the assignment of a patient to a particular subtype is questionable, because patients may go through different disease states [START_REF] Severson | Discovery of Parkinson's disease states and disease progression modelling: a longitudinal data study using machine learning[END_REF]. Progression may be better described as a patient-specific sequence of events [START_REF] Oxtoby | Sequence of clinical and neurodegeneration events in Parkinson's disease progression[END_REF], and subtypes are probably overlapping entities within a multidimensional spectrum [START_REF] Marras | Nonmotor features of Parkinson's disease subtypes[END_REF][START_REF] Iddi | Estimating the Evolution of Disease in the Parkinson's Progression Markers Initiative[END_REF]. These approaches aim to summarize heterogeneity in the clinical presentation of the disease, but they provide little information about the differences in progression dynamics.

Disease course mapping is a disease modeling technique that summarizes the range of possible disease trajectories by positioning the progression of each patient relative to a reference population in several dimensions [START_REF] Schiratti | Learning spatiotemporal trajectories from manifold-valued longitudinal data[END_REF][START_REF] Schiratti | A Bayesian Mixed-Effects Model to Learn Trajectories of Changes from Repeated Manifold-Valued Observations[END_REF]. Disease course mapping estimates parameters at the individual level, which measures differences in the dynamics of progression (age at onset and speed of progression) and disease presentation (the relative values of the various biomarkers at a given disease stage). We applied here this novel statistical learning technique for the first time in PD after showing that it predicts specific progression profiles in patients with Alzheimer's and Huntington diseases [START_REF] Koval | AD Course Map charts Alzheimer's disease progression[END_REF][START_REF] Koval | Forecasting individual progression trajectories in Huntington disease enables more powered clinical trials[END_REF]. We propose a disease course map based on a set of clinical and brain imaging markers extracted from three independent longitudinal cohorts of PD patients. We used this approach to compare the trajectories of PD patients with and without RBD, previously shown to have different progression profiles [START_REF] Horsager | Brain-first versus body-first Parkinson's disease: a multimodal imaging case-control study[END_REF][START_REF] Pyatigorskaya | Parkinson Disease Propagation Using MRI Biomarkers and Partial Least Squares Path Modeling[END_REF]. We finally compared these disease course maps to that of patients with isolated RBD, thought to be a good model of the premotor phase of the disease [START_REF] Berg | Prodromal Parkinson disease subtypes key to understanding heterogeneity[END_REF].

Materials and methods

Materials Participants

We used data from three independent longitudinal studies: 1) the Parkinson's Progression French 5-year longitudinal multicenter study in early PD and 3) ICEBERG a 5-year longitudinal single-center study in PD, iRBD, and healthy controls conducted at the Paris Brain Institute (ICM) (https://clinicaltrials.gov/ct2/show/NCT02305147), as of January 2021. From these cohorts, we included available data from patients with idiopathic PD, iRBD, and healthy controls.

Definition of RBD status

The status of iRBD patients from PPMI and ICEBERG were based on video-polysomnography (VPG). For PD patients, VPG not being available in the three cohorts, we defined two subgroups according to the presence (PDRBD+) or absence (PDRBD-) of probable RBD based on clinical diagnosis. PDRBD+ was defined as a score ≥ 6 on the RBD screening questionnaire (RBDSQ) [START_REF] Stiasny-Kolster | The REM sleep behavior disorder screening questionnaire--a new diagnostic instrument[END_REF] over the course of the disease in PPMI, a score of ≥ 18 on the Honk-Kong version of the RBDSQ in ICEBERG, and the diagnosis reported by the clinician in DIGPD. In ICEBERG cohort where VPG was available, patients with discordant diagnosis between RBDSQ and VPG were excluded from the analysis. PD patients not fulfilling these criteria were considered PDRBD-. Brain imaging markers were striatal binding ratios (SBR) provided in the PPMI dataset for the putamen (Put.) and caudate nucleus (Caud.) measured by dopamine transporter scans of the ipsi-(Ipsi) or contralateral (Contra) hemisphere.

Clinical and brain imaging markers

We reversed markers that decreased with progression so that all markers increase over the course of the disease. We normalized markers to a scale between 0 (normal value) and 1 (maximum pathological change). For the clinical markers of all cohorts, normal values and maximum pathological changes corresponded to their theoretical maximum and minimum values. For imaging markers, we defined the normal value as the mean SBR of controls at baseline, and the maximum pathological change as a SBR of 0.

Statistical analysis

Participants characteristics

Data are described as means  standard deviation. Comparison between cohorts and subgroups were performed by using ANOVA (parametric) or Kruskal-Wallis (non-parametric) tests followed by t-tests or Mann-Whitney U tests, respectively. Significance was set at p<0.05.

Disease course mapping

Disease course mapping uses a longitudinal data set with a series of markers [START_REF] Schiratti | A Bayesian Mixed-Effects Model to Learn Trajectories of Changes from Repeated Manifold-Valued Observations[END_REF]. It estimates the average progression in the form of a series of logistic curves starting from the value corresponding to a healthy state and ending at the maximum pathological change. Three series of parameters changed the relative shape and position of these curves to account for phenotypic differences between patients and variations in progression (see Supplementary Fig. 1):

-An intermarker spacing for each marker, showing how early (negative intermarker spacing) or late (positive intermarker spacing) the onset of the marker is relative to other markers (Supplementary Fig. 1B).

-A time-shift corresponding to the earliness (negative time-shift) or lateness (positive negative-shift) of disease onset compared to that of the population, taking all markers into account (Supplementary Fig. 1C).

-An acceleration factor corresponding to the fast (factor greater than 1) or slow (factor smaller than 1) speed of progression compared to that of the population, taking all markers into account (Supplementary Fig. 1D).

The Parkinsonian age (PA) is the time index of the set of logistic curves. It represents the age of the theoretical most typical patient in the population and can be understood therefore as a continuous disease staging scale. The chronological age of a patient at a given visit is mapped to one PA using the patient time-shift and acceleration factor, using an affine transform. Two different subjects that are observed at the same disease stage will thus have the same PA but a different chronological age. For an acceleration factor of 2, the duration between two consecutive visits of the patient is twice longer than between the corresponding PA. On average in the population, one year in the PA axis corresponds to one year in chronological age. By contrast, the intermarker spacing does not change the PA of the patient: these variables change the disease presentation of the patient at a given disease stage.

We estimated the disease course map with a non-linear Bayesian mixed-effects model in which the shape and position of the logistics curves represented the fixed effects and the patient individual parameters (intermarker spacings, time-shift, and acceleration factor) the random effects.

PD course map estimation did not require data to be sampled at regular time points or uniform sampling across patients. Disease course mapping does not require imputation for missing data since the model likelihood is informed using available data only. The estimation of the model parameters was shown to be robust to missing data [START_REF] Couronne | Learning Disease Progression Models With Longitudinal Data and Missing Values[END_REF]. If one biomarker is missing for one subject, the values of the other observed biomarkers drive the estimation of the time-shift and acceleration factor, these two variables influencing the dynamics of all biomarkers in the same way. The inter-marker spacing for this biomarker is inferred from the pattern that the set of inter-marker spacing forms at the population level. The model estimates this pattern during the training procedure by analyzing the relationships among intermarker spacings: it does not require all biomarkers to be observed in all patients, but overlapping sub-sets of biomarkers for different patients.

Disease course mapping has several distinctive characteristics in contrast to usual linear mixed models for longitudinal analysis. First, it accounts for the non-linear dynamics of biomarker changes across disease progression stages. The model maps the short-term data of patients at different disease stages to different portions of a curve that depicts a long-term non-linear scenario of change. Second, linear mixed models have two random effects: the slope and the intercept. The intercept captures the variations of the biomarker values at a given time-point.

Such models require therefore that patients are re-aligned in time with respect to a reference time-point, taken as the age at diagnosis or age at baseline for instance. They assume therefore that patients at the chosen reference time-point are at the same disease stage. Several previous works that model individual disease trajectories make such an assumption, whether within a linear [START_REF] Liu | Longitudinal Changes in Parkinson's Disease Symptoms with and Without RAPID EYE MOVEMENT Sleep Behavior Disorder: The Oxford Discovery Cohort Study[END_REF][START_REF] Fereshtehnejad | Evolution of prodromal Parkinson's disease and dementia with Lewy bodies: a prospective study[END_REF] or non-linear framework [START_REF] Darweesh | Trajectories of prediagnostic functioning in Parkinson's disease[END_REF]. By contrast, disease course mapping replaces the intercept by the time-shift, thus capturing the variations in the patients' age at which the biomarker reaches different levels. It uniquely positions the observed progression along two independent axes: early/late and fast/slow progression.

PD Course Maps

We built two PD Course Maps:

-A multimodal course map using both clinical (MDS-UPDRS I, II, III Off, III On, SCOPA-AUT, MoCA, RBDSQ) and imaging markers (Put. Ipsi, Put. Contra, Caud.

Ipsi, and Caud. Contra) with all selected PD patients from the PPMI dataset; -A clinical course map using clinical markers with all selected PD patients from PPMI, ICEBERG and DIGPD datasets: MDS-UPDRS I, II, III Off, III On, SCOPA-AUT and MoCA and MMSE.

For each model, population and individual parameters were estimated. Patients with iRBD were then positioned on these course maps by estimated the individual parameters that best fit the model to the data of each patient. These parameters were compared to that of PD patients.

We performed a sensitivity analysis by estimating three additional models with all selected PD patients from the pooled PPMI, ICEBERG and DIGPD datasets:

-A motor course map using the subparts of MDS-UPDRS III Off: Axial, Bradykinesia, Rigidity, Tremor; -A cognitive course map using MoCA and MMSE; -A dysautonomia course map using SCOPA-AUT only.

Average trajectory description with pathological thresholds

To describe in which order the markers became pathological, we computed a threshold above which a value was considered pathological and reported the PA at which this threshold was reached. We used a balanced logistic regression for each marker of interest to estimate the threshold that best separated the baseline data from control and PD groups, namely the cut-off at which the regression predicts control or PD labels with equal probability [START_REF] Jack | Defining imaging biomarker cut points for brain aging and Alzheimer's disease[END_REF][START_REF] Martínez-Martín | Parkinson's disease severity levels and MDS-Unified Parkinson's Disease Rating Scale[END_REF]. This procedure is illustrated in Supplementary Fig. 3. To compute these thresholds in the Clinical Course Map, we used all data available from PD patients from all 3 cohorts and healthy controls from PPMI and ICEBERG. There are no healthy controls in DIGPD. For the Multimodal Course Map, we used data from PPMI only. As MDS-UPDRS III On is not available for healthy patients, we do not use any threshold for this variable. For the Clinical Course Map, since MMSE is not available in PPMI we computed the threshold as the MMSE value for which the percentile was equal to that of the pathological threshold computed on MoCA.

Confidence intervals, goodness-of-fit and prediction errors

We estimated the variability of the progression model (population parameters), by calculating confidence intervals from 10 repetitions of a five-fold cross-validation method. We also calculated the goodness-of-fit for the training and prediction errors for the test sets at each resampling iteration.

Analysis of interindividual variability

To investigate differences in disease progression between PDRBD+ and PDRBD-patients, we performed a multivariate linear regression analysis between each individual parameter and the following covariates: age at baseline, sex, RBD label and cohort. As the acceleration factor follows a log-normal distribution, we regressed the log-acceleration factor. We used the Bonferroni method to correct for multiple comparisons (one test for each individual parameter).

The P-values are shown after correction and the significance level was set to 5% after correction.

Results

Participants

Study participants

Data from 1007 patients (919 PD, 88 iRBD) were included into our analysis corresponding to a total of 9060 visits, after excluding patients with only one visit and PD patients with discordant diagnosis of RBD (see Supplementary Fig. 4). Participant characteristics are presented in Table 1 (participant characteristics for each cohort are detailed in Supplementary Table 1). The average follow-up duration (± SD) is 6.2±2.1 years for all PD patients of interest of the PPMI study, 3.1±1.2 years for those of ICEBERG, and 4.8±1.8 years for those of DIGPD. Among the 919 PD patients, 534 (58%) were considered PDRBD+, ranging from 42% (ICEBERG) to 66% (PPMI) in the cohorts. At baseline compared to PDRBD-, PDRBD+ had significantly higher scores for MDS-UPDRS I, II and SCOPA-AUT in all three cohorts (p<0.005), and no difference in MDS-UPDRS III and cognitive (MMSE, MOCA) scores (except for MDS UPDRS III on in DIGPD). Patients with iRBD were significantly older and had lower MOCA scores than PD patients and controls. Baseline data from 264 healthy controls were used only to estimate pathological thresholds (68 from ICEBERG, 196 from PPMI). Among the 88 iRBD patients, 16 converted to PD.

PD progression model

The multimodal course map was derived from the 423 PD patients from PPMI and described the typical scenario of PD progression (Fig. 1). Errors in the goodness-of-fit test of the model ranged from 5% to 7%, except for RBDSQ, for which the error was 13% (Supplementary Table 2). We showed, by cross-validation, that the error was no greater when the model was fitted to a new patient than when it was fitted to a patient from the training sample. Therefore, one could analyze the parameters of PD Course Maps estimated on the whole data set.

The estimated age (PA) at which marker values became pathological are shown in Supplementary Table 4 with corresponding thresholds values in Supplementary Table 3.

Ninety five percent of patients visits had a PA between 55. [START_REF] Halliday | The progression of pathology in longitudinally followed patients with Parkinson's disease[END_REF] This scenario was confirmed by the clinical PD course map obtained from the whole dataset pooling the three cohorts (919 PD patients), which showed the same ordering and similar timings of onset (PA) for diagnosis and clinical markers (Supplementary Fig. 5 and Supplementary Table 5).

Individual trajectory variability

The PD course map represents an average of the typical progression, but also estimates individual parameters for each marker and measure the deviation of each patient trajectory from the average progression (see Supplementary Fig. 1 and Supplementary Table 6). In the multimodal course map, the time-shift variance was 9.5 years, indicating approximately a 10year variability in the age of markers onset between patients. PD patients progressed between 0.58 times (first decile of acceleration factor) slower and 2.19 times faster (last decile) than the mean progression, thus a 4 times difference of the speed of progression between slow and fast progressors.

The standard deviation of the intermarker spacings indicates how variable the onset of a specific marker is over time all other things (pace of progression and age at onset) being equal.

Intermarker spacings with the greatest variability were RBDSQ and MoCA (standard deviation of 10.2 and 10.6 years, respectively), followed by SCOPA-AUT (6.8 years), MDS-UPDRS III on (6.7 years), MDS-UPDRS I (5.3 years), and lastly MDS-UPDRS II, MDS-UPDRS III off and imaging (between 2.4 and 4.4 years, Supplementary Table 6).

The analysis of the correlations of the intermarker spacings shows that an earlier or later progression of MDS-UPDRS III Off and On is not associated to that of non-motor clinical markers (RBDSQ, SCOPA-AUT, MDS-UPDRS I, MoCA) (see Supplementary Fig. 2). 7).

Comparison of PD patients with and without RBD

However, the sensitivity analysis showed that PDRBD+ patients had a significantly faster speed of progression in the cognitive course map (1.38 times faster, log-acceleration factor of 0.32 CI=[0.15, 0.41], p<0.01, Supplementary Table 8) but not in the motor and dysautonomia course maps. In this analysis, PDRBD+ also had a significantly earlier time-shift in the dysautonomia course map (-4.8 years, CI=[-5.9, -3.7], p<0.01) and cognitive course map (-0.37 years, CI=[-0.62, -0.12], p=0.015), but not in the motor course map (Supplementary Table 8).

In the clinical course map, we used the mean values of the individual parameters in each group to calculate the corresponding typical progression scenarios, combining the differences in timeshift, acceleration factor and intermarker spacings (Fig. 2A). The PA at which marker values became pathological for PDRBD-and PDRBD+ are shown in Supplementary Table 4.

Compared to PDRBD-, PDRBD+ had a similar onset of motor symptoms (the overall earlier disease onset compensating the later motor changes onset). PDRBD-patients did not reach pathological threshold for any of the non-motor markers at diagnosis, whereas PDRBD+ showed significant changes in SCOPA-AUT, MDRS UPDRS I before diagnosis, and in MOCA and MMSE at diagnosis.

Progression in isolated RBD as compared to PD patients

The specific disease course of iRBD patients is shown in Fig. 2B (PA at which markers became pathological are given in Supplementary Table Fig. 3 shows the distributions of the parameters of iRBD patients overlaid with the distributions from PDRBD+ and PDRBD-patients. The speed of progression was similar between the three groups, but the time-shift was earlier in PDRBD+ than in PDRBD-patients, and much later in iRBD patients (Fig. 3A). As expected, intermarker spacing in iRBD differed from both groups of PD patients, earlier for RBDSQ and later for MDS UPDRS III (Fig. 3B). Patients with iRBDs also had earlier MDS UPDRS I and MOCA impairment as compared to the two other groups (Fig. 3C-D).

Discussion

In this study, we modeled the progression of PD in its different dimensions (motor, non-motor, imaging) and components (time shift, speed of progression, sequence of markers), from the prodromal to the symptomatic stage. On average the first changes occurred in the contralateral putamen 13 years before diagnosis with an important heterogeneity of progression patterns within the PD population. Patients with RBD had earlier non-motor symptoms and more rapid progression of dysautonomia and cognitive decline than PD patients without RBD. PD patients with RDB presented an intermediate progression pattern between that of patients with iRBD and with PD without RBD.

The mean 13-year duration to PD diagnosis of dopamine transporter changes in the contralateral putamen is consistent with previous results from dopaminergic radiotracer imaging [START_REF] Vingerhoets | Longitudinal fluorodopa positron emission tomographic studies of the evolution of idiopathic parkinsonism[END_REF][START_REF] Moeller | Divergent expression of regional metabolic topographies in Parkinson's disease and normal ageing[END_REF][START_REF] Morrish | Measuring the rate of progression and estimating the preclinical period of Parkinson's disease with [18F]dopa PET[END_REF][START_REF] Stoessl | Positron emission tomography in premotor Parkinson's disease[END_REF][START_REF] Nandhagopal | Longitudinal progression of sporadic Parkinson's disease: a multi-tracer positron emission tomography study[END_REF][START_REF] Fuente-Fernández R De La | Age-specific progression of nigrostriatal dysfunction in Parkinson's disease[END_REF][START_REF] Biondetti | Spatiotemporal changes in substantia nigra neuromelanin content in Parkinson's disease[END_REF] and with compensatory mechanisms maintaining normal motor function during the early stages of degeneration [START_REF] Postuma | How does parkinsonism start? Prodromal parkinsonism motor changes in idiopathic REM sleep behaviour disorder[END_REF]. Our model proposes a typical sequence of symptoms starting with motor symptoms, followed by dysautonomia, sleep disorders starting before diagnosis, and finally cognitive impairment. Motor symptoms onset was estimated on average 9 years before diagnosis in our model confirming that mild motor symptoms occur several years before conversion [START_REF] Fereshtehnejad | Evolution of prodromal Parkinson's disease and dementia with Lewy bodies: a prospective study[END_REF]. It should be noted that the "pathological threshold" defined here by a normalization of the scores across the population was not a "clinically significant" threshold that would have led to a diagnosis of PD.

Our model also highlighted the important heterogeneity of individual trajectories showing a variation of more than 10 years in the time-shift, a 4-fold difference in speed of progression between slow-and fast-progressing subjects and a large variability within and between markers spacing. Results clearly confirm that there are multiple progression profiles in sporadic PD. PDRBD+ patients had earlier disease onset and changes in clinical scores occurring 3 to 5 years (MDS-UPDRS II, MoCA, MDS-UPDRS I), 7 years (SCOPA-AUT) and 16 years (RDBSQ) earlier than in PDRBD-patients. PDRBD+ patients had an earlier onset of most non-motor signs that often occurred before diagnosis in contrast to PDRBD-patients who experienced a longer period with only motor symptoms before diagnosis [START_REF] Fereshtehnejad | New Clinical Subtypes of Parkinson Disease and Their Longitudinal Progression: A Prospective Cohort Comparison With Other Phenotypes[END_REF]. Analysis of the cognitive course map showed that cognitive endpoints progressed significantly faster in PDRBD+. By contrast, motor changes were similar in both groups. However, a finer analysis taking into account the duration between onset of RBD and PD diagnosis showed that a sooner occurrence of RBD was associated with a higher acceleration factor in the clinical course map (as well as a sooner MDS-UPDRS I onset and later dopamine transporter changes in caudate in the multimodal course map), pointing out the need to take into account the timing of RBD onset (Supplementary Table 10). These results further clarify the previous studies which report a faster progression for PD patients with RBD overall [START_REF] Gjerstad | Occurrence and clinical correlates of REM sleep behaviour disorder in patients with Parkinson's disease over time[END_REF][START_REF] Postuma | Markers of neurodegeneration in idiopathic rapid eye movement sleep behaviour disorder and Parkinson's disease[END_REF][START_REF] Goetz | Hallucinations and sleep disorders in PD: ten-year prospective longitudinal study[END_REF][START_REF] Yoritaka | Parkinson's Disease with and without REM Sleep Behaviour Disorder: Are There Any Clinical Differences?[END_REF][START_REF] Postuma | Manifestations of Parkinson disease differ in association with REM sleep behavior disorder[END_REF][START_REF] Rolinski | REM sleep behaviour disorder is associated with worse quality of life and other non-motor features in early Parkinson's disease[END_REF][START_REF] Romenets | Rapid eye movement sleep behavior disorder and subtypes of Parkinson's disease[END_REF]. Imaging studies have also reported different trajectories of the pathological process in the brain of PD with and without RBD [START_REF] Horsager | Brain-first versus body-first Parkinson's disease: a multimodal imaging case-control study[END_REF][START_REF] Pyatigorskaya | Parkinson Disease Propagation Using MRI Biomarkers and Partial Least Squares Path Modeling[END_REF][START_REF] Knudsen | In-vivo staging of pathology in REM sleep behaviour disorder: a multimodality imaging case-control study[END_REF]. By better quantizing the heterogeneity in disease progression, our model may be used in the future to forecast the progression of endpoints of participants at entry of trial and identify the ones who are the most likely to experience a fast worsening of the outcome without the intervention. This strategy has been shown to increase the statistical power of trials [START_REF] Maheux | Forecasting individual progression trajectories in Alzheimer's disease[END_REF].

In isolated RBD, sleep symptoms occurred first, followed by autonomic dysfunction (10.7 years before PD diagnosis), changes in cognition (8.6 years) and non-motor activities of daily living (7.7 years), with motor signs occurring last (5.2 years). Previous studies using different methods reported the same ordering of events with similar time scale [START_REF] Postuma | How does parkinsonism start? Prodromal parkinsonism motor changes in idiopathic REM sleep behaviour disorder[END_REF][START_REF] Fereshtehnejad | Evolution of prodromal Parkinson's disease and dementia with Lewy bodies: a prospective study[END_REF]. Interestingly, PDRBD+ patients had a profile intermediate between those of PDRBD-and iRBD patients, mixing characteristics of the two phenotypes.

Disease course mapping applies multivariate analysis to disease modelling [START_REF] Schiratti | Learning spatiotemporal trajectories from manifold-valued longitudinal data[END_REF][START_REF] Schiratti | A Bayesian Mixed-Effects Model to Learn Trajectories of Changes from Repeated Manifold-Valued Observations[END_REF] allowing to uniquely identifying variations due to differences in progression dynamics (e.g. age at onset and speed of progression) and in disease presentation (e.g. relative timing for biomarkers). This method overcomes some of the limitations of previous modeling strategies [START_REF] Iddi | Estimating the Evolution of Disease in the Parkinson's Progression Markers Initiative[END_REF][START_REF] Koval | AD Course Map charts Alzheimer's disease progression[END_REF][START_REF] Koval | Forecasting individual progression trajectories in Huntington disease enables more powered clinical trials[END_REF][START_REF] Couronne | Learning Disease Progression Models With Longitudinal Data and Missing Values[END_REF]. The temporal alignment of patient data is estimated from the data, not using age at phenoconversion or symptom onset which depend on clinical practice or patient recall. This approach is therefore suitable for application to iRBD patients who have not undergone phenoconversion. It accounts for differences in age at onset and speed of progression. Previous methods clustered patients at baseline and analyzed the progression of each group a posteriori [START_REF] Fereshtehnejad | Clinical criteria for subtyping Parkinson's disease: biomarkers and longitudinal progression[END_REF], based on longitudinal data [START_REF] Fereshtehnejad | Evolution of prodromal Parkinson's disease and dementia with Lewy bodies: a prospective study[END_REF], subtyped with specific neural network architecture using a generic hidden Markov model framework [START_REF] Mestre | Reproducibility of data-driven Parkinson's disease subtypes for clinical research[END_REF][START_REF] Zhang | Data-Driven Subtyping of Parkinson's Disease Using Longitudinal Clinical Records: A Cohort Study[END_REF] or more specialized methods [START_REF] Zhou | Bayesian Longitudinal Modeling of Early Stage Parkinson's Disease Using DaTscan Images[END_REF]. An event-based model was proposed to build a normative progression scenario for PD patients at risk of developing dementia, trained on cross-sectional data [START_REF] Oxtoby | Sequence of clinical and neurodegeneration events in Parkinson's disease progression[END_REF]. Our method complements event-based or Markov models with estimates of the duration between two events in the patient's life.

The reported Parkinsonian Age at which some biomarkers become abnormal falls in a region where the model is not informed by data. 4 biomarkers out of 11 in the Figure 1 fall outside the region where 95% of the data lie. These PA result from the extrapolation of the logistic progression curves back in time. We extrapolated for a period smaller than 3 years for all biomarkers but the SBR in contralateral putamen that shows already very high levels at inclusion in the studies. More generally, the other PA, like all the results presented here, depend on the model assumptions, as for any modeling work. The analysis of the goodness-of-fit shows that the model assumptions are legitimate to explain the changes observed in the data. The confidence intervals around the logistic curves show the robustness of the estimated curves with respect to changes in the training population. Small changes in the observed data are therefore not likely to make great changes in the regions where the model extrapolates.

Another limitation of this study is the selection of the main PD markers. We selected global scales such as SCOPA-AUT or MDS-UPDRS which can be used as endpoints in clinical trials.

Another choice would be to use domain-specific sub-scores assessing pain, anxiety, olfaction, or sleepiness for instance. Such a choice would require the use of modeling techniques combining categorical and ordinal data. Including other clinical, digital, biological and brain imaging markers would be also of interest. RBD was defined clinically, whereas VPG is the gold standard. However, the risk of false RBD diagnosis is rare in PD patients interviewed by experienced neurologists [START_REF] Eisensehr | REM sleep behavior disorder in sleep-disordered patients with versus without Parkinson's disease: is there a need for polysomnography?[END_REF]. The PD course map was estimated with data from patients observed after diagnosis. The information for the prediagnostic period was therefore derived by extrapolation of the model. Latest changes in the MDS-UPDRS in iRBD patients also come from an extrapolation of the model in time since most of them were not observed until phenoconversion, reflecting the fact that most iRBD patients followed for a short period of time do not develop motor symptoms. Furthermore, they might develop other synucleinopathies rarer than PD, which increases the group heterogeneity. Future studies should focus on following more iRBD patients over longer periods of time. The progression of the clinical markers was successfully replicated using PPMI only (multimodal map) or the three datasets combined (clinical map). However, imaging data were only available in PPMI.

Imaging findings would need to be replicated in other longitudinal datasets including the same imaging and clinical biomarkers. Lastly, the present work does not compare PD trajectory to that of healthy aging. Rather, it focused on building numerical models of natural PD progression and comparing the trajectories of different subgroups of PD patients: PD with RBD, PD without RBD and iRBD. In future works, including longitudinal data from healthy controls would allow to distinguish the estimated early PD trajectories from those of healthy aging, and thus identify biomarkers to track the course of the disease as early as possible.

Conclusion

Using a new statistical model, we analyzed the heterogeneity in PD progression. The presence of RBD during PD progression was associated with earlier dysautonomia and impairments of non-motor aspects of daily living and later onset of motor symptoms. iRBD was a more pronounced form of this progression, with the preservation of motor capacities for a longer period, but earlier cognitive impairment. Our model may be suitable for future stratification of PD patients, an important issue to move toward personalized medicine in PD and other neurodegenerative diseases.

Patient consent

Patients gave informed consent for the use of their data in this research. The PPMI, ICEBERG and DIG-PD protocols were approved by the ethics committees of the institutions at which the studies were conducted. Table 1: Characteristics of the study participants. For each biomarker, we report mean and standard deviation at baseline. In each column, we report significant differences with respect to the subgroups: controls 

-UPDRS II 0.6±1.

MDS-UPDRS IIII Off 2.3±3. Supplementary Table 1: Characteristics of the study participants of each cohort. For each biomarker, we report the mean and standard deviation at baseline. In PPMI, drugs were not administered from baseline (which explains the later timing of the first value for MDS-UPDRS III On, 2.0±1.3 years after baseline on average). In each column, we report significant differences with respect to the other subgroups: controls (a), PDRBD-(b), PDRBD+ (c) or iRBD (d). 1 : disease duration is defined as the difference between baseline age and age at diagnosis. Abbreviations: SBR = striatal binding ratio, y = years. 

  Clinical markers used for our models were scores at each visit of the: -Movement Disorders Society-Unified Parkinson's Disease Rating Scale (MDS-UPDRS) part I, II, III in off or on states, -Scale for Outcomes in Parkinson disease -Autonomic Dysfunction subscale (SCOPA-AUT), -Montreal Cognitive Assessment (MoCA), -Mini-Mental State Examination (MMSE), -RBDSQ.

  and 75.3 years, meaning that our model represents about 14 years of the disease course, with a mean diagnosis at 61.2  0.3 PA years. The first alterations observed began with a decrease of SBR in the contralateral putamen 12.8  0.7 years before diagnosis, followed by the contralateral caudate at 7.0  0.4 years. Motor impairments respectively measured with the MDS-UPDRS III off and MDS-UPDRS II became pathological 8.8  0.5 and 4.6  0.7 years before diagnosis respectively. Non-motor impairments occurred later: SCOPA-AUT 2.1  0.3 years, MDRS-UPDRS I 1.4  0.2 years, and RBDSQ 0.5  1.0 years before diagnosis. Cognitive marker (MOCA) was the last to reach our pathological threshold, just after diagnosis.

  We compared the individual parameters of PD Course Maps between PDRBD+ and PDRBD-. In the multimodal course map, disease onset (overall time-shift) occurred about 2.8 PA years earlier in PDRBD+ than in PDRBD-patients (CI=[-3.6, -2.1], p<0.01, Table2). Intermarker spacings for MDS-UPDRS I (-1.4 years, CI=[-2.1, -0.7], p<0.01) and SCOPA-AUT (-2.8 years, CI=[-3.8, -1.8], p<0.01) indicated an earlier onset in PDRBD+ patients, whereas intermarker spacings for MDS-UPDRS III indicated a later onset in both the off (1.6 years, CI=[1.0, 2.2] p<0.001) and on (1.9 years, CI=[1.2, 2.6], p<0.001) states. There was no significant difference in the overall speed of progression. Analyses of the clinical course map yielded similar results as in the multimodal course map (Supplementary Table
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  ). Mean PA at diagnosis was 74.3  0.1 years, 14 years older than the mean age at onset in PD patients. Following sleep disorders (RBDSQ), the disease course appeared to start with autonomic dysfunction (SCOPA-AUT, 63.6  0.3 years), then cognitive impairment (MOCA, 65.7  0.4 years), deterioration of non-motor daily living activities (MDS UPDRS I, 66.6  0.1 years), and lastly motor abnormalities (70.2  0.3 years for MDS-UPDRS II and 69.12  0.2 years for the MDS-UPDRS III off).

Fig. 1 :

 1 Fig. 1: Typical PD progression of 4 imaging biomarkers and 8 clinical markers in the multimodal course map. A: markers progression* from normal value (0) to maximum pathological change (1) along Parkinsonian Age. Transparent regions show the range of PA where the curves are informed by less than 5% of the data B: timepoints at which markers become abnormal*. Vertical lines indicate PA at first symptoms (green) and PD diagnosis (red). *with 95% confidence intervals.

Fig. 2 :

 2 Fig. 2: Typical progression of PDRBD+, PDRBD-and iRBD patients in the clinical course map. The Parkinsonian Age at which clinical markers become pathological for A: PDRBD+ (marron) and PDRBD-(grey), and B: iRBD. Vertical lines indicate the estimated Parkinsonian Age at symptom onset (green) and at PD diagnosis (red).

Fig. 3 :

 3 Fig. 3: Distribution of the individual parameters of PDRBD-, PDRBD+ and iRBD patients. Individual parameters are taken from the multimodal course map: acceleration factor versus age at onset (A), followed by pairs of intermarker spacings (B to D).

  (a), PDRBD-(b), PDRBD+ (c) or iRBD (d). 1 : disease duration is defined as the difference between baseline age and age at diagnosis. SBR = striatal binding ratio, y = years. .2 (c) 7.4±4.9 (c,b) 9.2±5.2 7.8±4.9 (c,d) 10.1±5.2 (b,d,a) Study duration (y) 5.1±3.0 (d,b) 3.5±1.6 (c,a,b) 5.2±2.2 4.7±2.2 (c,a,d) 5.6±2.0 (b,d)

MDSTable 2 :

 2 Associations between individual parameters in the clinical course map and RBD label with correction for cohort effect, sex and baseline age. Coefficients of regression, 95% confidence intervals and corrected p-values are shown. Corrected p-values greater than 1 are set to1. Statistically significant associations are shown in bold typeface.

Supplementary Table 8 :

 8 Associations between individual parameters in each supplementary course maps and RBD label with correction for cohort effect, sex and baseline age. Coefficients of regression, 95% confidence intervals and corrected p-values are shown. Corrected p-values greater than 1 are set to1. Statistically significant associations are shown in bold typeface.

  

  

  

  

  

Table 2 : Goodness-of-fit and prediction errors.

 2 Mean errors for the training and test sets, and standard deviation computed over the 50 resampling folds, for both multimodal and clinical course maps.

					PPMI					ICEBERG			DIGPD	
			Control	iRBD		PD		Control	iRBD		PD			PD	
					Total	PDRBD-	PDRBD+			Total	PDRBD-	PDRBD+	Total	PDRBD-	PDRBD+
	General informa-	Total patients	196	38	423	145	278	68	50	108	63	45	388	177	211
	tion	Male/female	126/70 (d)	32/6 (a,b)	277/146	82/63 (c,d)	195/83 (b)	38/30 (d)	45/5 (a,b,c)	69/39	37/26 (d)	32/13 (d)	233/155	100/77	133/78
		On PD													
		Medication/Not on	1/110	1/37	16/400	7/133	9/267	0/67 (c,b)	0/50 (b,c)	95/13	54/9 (d,a)	41/4 (d,a)	374/14	168/9	206/5
		PD Medication													
		Age (y)	60.7±11.2 (d)	69.4±5.5 (a,b,c)	61.6±9.7	62.2±9.7 (d)	61.2±9.7 (d)	62.0±9.1 (d)	68.0±5.7 (a,b)	62.0±9.2	59.6±10.0 (d,c)	65.5±6.4 (b)	62.1±9.8	61.0±10.6	62.9±8.9
		Disease duration (y) 1	-	-	0.6±0.5	0.6±0.6	0.5±0.5	-	-	1.4±1.0	1.3±1.0 (d,c)	1.7±1.0 (d,b)	2.6±1.5	2.6±1.5	2.5±1.5
		Number of visit	8.5±2.2 (b,c,d)	12.7±1.7 (a,c,b)	13.9±3.6	12.9±4.0 (a,c,d)	14.5±3.2 (a,d,b)	2.6±1.3 (d,c,b)	3.4±1.2 (a,c)	3.9±1.0	3.7±1.1 (a)	4.1±1.0 (d,a)	5.4±1.7	5.1±1.7 (c) 5.6±1.6 (b)
		Study duration (y)	6.3±2.4 (b,d)	4.8±0.8 (a,c,b)	6.2±2.1	5.7±2.3 (a,c,d)	6.5±1.9 (d,b)	1.7±1.3 (d,c,b)	2.6±1.3 (a,c)	3.1±1.2	2.9±1.2 (a)	3.3±1.1 (d,a)	4.8±1.8	4.6±1.9 (c) 5.0±1.7 (b)
		Symptoms													
		durations at	-	-	1.5±1.9	1.5±2.1	1.4±1.7	-	-	1.7±1.7	1.6±1.7	1.8±1.8	0.9±0.9	0.8±0.9	0.9±1.0
		diagnosis (y)													
	Autonomic & Daily	MDS-UPDRS I	3.0±3.0 (b,c,d)	7.1±4.0 (a,b)	5.8±4.2	4.8±4.0 (a,c,d)	6.2±4.3 (a,b)	5.0±3.5 (d,c,b)	9.0±5.0 (a,c)	9.7±4.3	8.6±3.9 (a,c)	11.1±4.5 (d,a,b)	7.9±4.8	7.1±4.4 (c) 8.7±5.1 (b)
	living	SCOPA-AUT	5.8±3.7 (b,c,d)	14.9±8.2 (a,c,b)	9.5±6.1	7.3±4.8 (a,c,d)	10.7±6.5 (a,d,b)	7.2±5.8 (d,c,b)	12.8±6.3 (a,b)	12.5±7.3	10.1±6.3 (d,a,c)	15.7±7.5 (a,b)	11.1±6.9	10.2±7.2 (c)	11.8±6.7 (b)
	Motor	MDS-UPDRS II	0.5±1.0 (b,c,d)	2.1±2.4 (a,c,b)	5.7±4.2	4.6±3.4 (a,c,d)	6.3±4.4 (a,d,b)	1.2±1.7 (d,c,b)	2.4±2.1 (a,b,c)	8.0±3.8	6.8±3.7 (d,a,c)	9.7±3.3 (d,a,b)	7.5±4.5	6.7±4.3 (c) 8.2±4.5 (b)
		MDS-UPDRS IIII Off	1.2±2.2 (b,c,d)	4.7±3.9 (a,c,b)	20.4±8.9	19.7±8.1 (a,d)	20.8±9.3 (a,d)	5.6±5.1 (d,c,b)	11.1±6.0 (a,b,c)	29.6±7.5	28.5±7.0 (d,a)	31.2±7.9 (d,a)	28.6±15.8	26.6±14.1	30.2±17.1
		MDS-UPDRS III On	-	25.6±13.9	23.6±11.5	23.7±11.2	23.6±11.6	-	33.3±16.2	26.0±7.6	25.2±7.8	27.1±7.1	20.0±10.1	18.4±9.2 (c)	21.4±10.7 (b)
		Hoehn&Yahr Off	0.0±0.1 (b,c)	0.0±0.0 (c,b)	1.5±0.5	1.5±0.5 (a,d)	1.5±0.5 (a,d)	0.1±0.4 (d,c,b)	0.7±0.9 (a,b,c)	2.0±0.3	2.0±0.2 (d,a,c)	2.1±0.3 (d,a,b)	2.0±0.6	1.9±0.5	2.1±0.6
	Cognition	MoCA	28.2±1.1 (b,c,d)	25.5±4.2 (a,c,b)	27.1±2.3	27.3±2.2 (a,d)	27.1±2.4 (a,d)	27.8±2.0	27.3±2.3	27.5±2.0	27.5±1.8	27.6±2.3	-	-	-
		MMSE	-	-	-	-	-	29.4±0.9	29.0±1.0	29.0±1.0	29.0±1.0	29.0±1.1	28.2±1.9	28.4±1.6	28.1±2.0
	Sleep	RBDSQ	2.8±2.3 (c,d)	9.0±3.0 (a,c,b)	4.1±2.7	2.4±1.4 (c,d)	5.0±2.8 (a,d,b)	-	-	-	-	-	-	-	-
	Imaging (SBR)	Putamen, contralateral	2.1±0.6 (b,c)	-	0.7±0.3	0.7±0.3 (a)	0.7±0.3 (a)	-	-	-	-	-	-	-	-
		Putamen, ipsilateral	2.1±0.6 (b,c)	-	1.0±0.4	1.0±0.3 (a,c)	0.9±0.4 (a,b)	-	-	-	-	-	-	-	-
		Caudate, contralateral	3.0±0.6 (b,c)	-	1.8±0.6	1.9±0.5 (a)	1.8±0.6 (a)	-	-	-	-	-	-	-	-
		Caudate, ipsilateral	3.0±0.6 (b,c)	-	2.2±0.6	2.2±0.6 (a,c)	2.1±0.6 (a,b)	-	-	-	-	-	-	-	-

Table 6 :

 6 Standard deviation of individual parameters for each group of patients, for both the multimodal and clinical course maps. For the acceleration factor, which follows a log-normal distribution, we show the first and last decile.

		Cohort (DIGPD)	Cohort (ICEBERG)	Sex (Female)	Age at Baseline	PDRBD+
	Cognitive					
	Course Map					
	Time-shift	-0.17 (-0.42, 0.092), p=0.83	0.68 (0.28, 1.1), p=0.0033	0.46 (0.21, 0.71), p=0.0014	0.0073 (-0.0051, 0.02), p=1.0	-0.37 (-0.62, -0.12), p=0.015
	Log-Acceleration	-0.23 (-0.39, -0.13),	0.11 (-0.098, 0.31),	0.047 (-0.082, 0.17),	0.018 (0.011, 0.024),	0.32 (0.15, 0.41),
	factor	p=5.7e-04	p=1.0	p=1.0	p=3.2e-07	p=7.2e-05
	MoCA	-6.9 (-9.6, -4.2), p=2.4e-06	-1.4 (-5.5, 2.8), p=1.0	-2.8 (-5.4, -0.21), p=0.14	0.093 (-0.037, 0.22), p=0.64	-0.77 (-3.4, 1.8), p=1.0
	MMSE	7.6 (4.6, 11.0), p=2.4e-06	1.5 (-3.0, 6.0), p=1.0	3.1 (0.23, 6.0), p=0.14	-0.1 (-0.24, 0.04), p=0.64	0.85 (-2.0, 3.7), p=1.0
	Dysautonomia					
	Course Map					
	Time-shift	-1.7 (-2.9, -0.52), p=0.0094	-3.7 (-5.5, -1.8), p=0.00018	0.3 (-0.85, 1.4), p=1.0	0.58 (0.52, 0.63), p=3.2e-72	-4.8 (-5.9, -3.7), p=1.1e-15
	Log-Acceleration	-0.032 (-0.09, 0.024),	-0.093 (-0.19, -0.0096),	-0.059 (-0.12, -0.0056),	-0.0013 (-0.004,	0.056 (-0.00088, 0.11),
	factor	p=0.52	p=0.06	p=0.062	0.0015), p=0.72	p=0.11
	Motor Course					
	Map					
	Time-shift	-3.8 (-8.8, 1.2), p=0.81				
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Supplementary material is available in the appendix. Relative to this population trajectory, each subject is characterized by its individual parameters (intermarker spacings, time-shift, acceleration factor). For example, a 1-year intermarker spacing for a marker means that the changes to that marker occur one year later than would typically be the case. A 1-year time-shift means that markers overall reach the same values one year later than in a typical patient. An acceleration factor of 2 means marker changes are achieved in half the time they would be in a typical patient (twice as long for an acceleration factor of 0.5). were obtained on the clinical course map for non-imaging markers (Supplementary Table 5).
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