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Abstract

:

Parkinson’s disease, a progressive neurodegenerative disorder of the motor system, shows non-motor symptoms up to 10 years before classic motor signs, highlighting the importance of early detection for effective treatment. This study proposes a severity index using an Artificial Neural Network (ANN) trained by the Self-Organizing Maps (SOM) algorithm, with data from the FOX Insight database. After pre-processing, 41,892 questionnaires were selected, covering 25 questions about non-motor symptoms, defined by a neurologist, and divided into four classes representing stages of the disease. The goal is to offer a tool to classify patients based on these symptoms, allowing for accurate monitoring and personalized interventions. Validation was carried out with data from patients responding to the questionnaire at spaced moments, simulating medical consultations. The study was successful in developing the severity index, highlighting the importance of gastrointestinal and urinary symptoms at different stages. The persistence of difficulty sleeping in group 3 indicates special attention must be paid to this symptom in the initial stages. These results highlight the clinical and practical relevance of the index, although more studies with real patients are needed for validation.
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1. Introduction


Faced with the challenging scenario presented by Parkinson’s disease (PD), one of the world’s leading neurodegenerative diseases, it is crucial to understand its epidemiology and the challenges faced in early and accurate diagnosis. According to recent studies [1,2], the prevalence of PD has increased significantly, with estimates ranging from 257 to 1400 cases per 100,000 inhabitants in Europe. In addition, the World Health Organization (WHO) warns that the prevalence of PD increases considerably with age, affecting up to 4% of people over the age of 80, which implies more than 8.5 million people are affected globally, a figure that is expected to double by 2040 [3].



Diagnosing PD is a complex challenge that requires clinical experience and precise diagnostic methods. The criteria established by the Movement Disorder Society (MDS) are often used as a reference, emphasizing motor symptoms such as bradykinesia, resting tremor, and rigidity. However, the lack of specific biomarkers and in vivo tests makes diagnosis even more challenging [4]. In addition, non-motor symptoms can appear up to 10 years before motor symptoms, increasing the complexity of the diagnosis. Studies show that the diagnostic error rate can vary from 10% to 50%, often due to negligence in assessing and discussing non-motor symptoms [5].



In this context, predictive medicine and computerized diagnostic support systems, especially those based on Artificial Intelligence (AI) and Artificial Neural Networks (ANNs), have emerged as promising approaches to improving diagnostic accuracy. Modeled based on neural connections, ANNs have proven effective in individualized data analysis and more accurate clinical decision-making [6].



The application of machine learning (ML) and deep learning (DL) in predicting neurodegenerative diseases has gathered significant attention due to the potential for early diagnosis, prognosis, and therapeutic development for the automation of actionable insights and improved patient outcomes. Convolutional neural networks (CNNs) were used to predict Alzheimer’s disease (AD) from MRI images [7], and Parkinson’s disease (PD) from a non-invasive biomarker given by patients’ spiral drawings [8,9].



Also, a multi-modal DL approach has been shown to significantly improve the accuracy of predicting the evolution of AD [10]. A probabilistic programmed deep kernel learning approach presents a possibility for the personalized, predictive modeling of neurodegenerative diseases through the combination of Gaussian processes with neural networks [11].



ML and DL have been specifically applied to predict PD. Promising results have been described in diagnosis, progression tracking, and treatment efficacy evaluation. Watts et al. [12] developed an ML technique for candidate selection, programming optimization, and surgical targeting for Deep Brain Stimulation (DBS), a treatment for advanced PD. Sahu et al. [13] combined regression analysis and ANNs to diagnose PD with 93.46% accuracy.



Data sets based on motor and nonmotor symptoms were used. Wingate et al. [14] applied Deep Convolutional and Recurrent Neural Networks to analyze medical imaging such as MRI and DaTscans for PD diagnosis, showing effective prediction capabilities across different medical environments. Shubhangi and Gundagurti [15] applied a CNN, specifically the AlexNet architecture, to MR images for the diagnosis of PD, achieving high accuracy levels. Moreover, voice samples from healthy individuals and PD patients were used for early PD detection [16].



Therefore, within the challenges faced in the diagnosis and management of PD, the use of predictive approaches and AI technologies offers a new perspective for improving diagnostic accuracy, providing a significant impact on patients’ quality of life.



Considering these data, the current study follows a line of research [17] that used ANNs to develop a PD severity index based on motor symptoms. After validating the importance of non-motor symptoms, it became clear that it was pertinent to conduct this research focusing on these aspects. This study adopts the same methodological approach to develop a PD severity index, now focused on non-motor symptoms, to improve diagnostic accuracy.



The objectives of this study were to develop a severity index for PD taking into account the non-motor symptoms of the disease; to validate the comprehensive severity index for PD, using non-motor symptoms as the main evaluation criteria; and to evaluate the correlation between the specific characteristics of non-motor symptoms and the severity of PD.



In terms of contribution, this index allows for a more individualized approach to treatment, taking into account the diversity of non-motor symptoms. The early recognition of patterns of severity of clinical involvement is another advantage that allows for early intervention and the more effective management of the condition. In addition, the score provides information on the relationship between non-motor symptoms and disease severity, which guides more targeted treatment decisions. In conclusion, this project not only advances current research in PD but also provides a solid basis for future research.




2. Materials and Methods


2.1. Model Development


The variables considered in this project were selected to provide the ANN model with data that represent the scope of the non-motor symptoms of PD, according to the objectives of the work. This selection was made with the support of an expert in the field to ensure the inclusion of symptoms and characteristics relevant to the progression of the disease. This set of characteristics corresponds to the first layer of information available in the system. In general, these data can be obtained by a health professional during a consultation, which simplifies the practical use of the proposed scale.




2.2. Selection of Variables from Fox Insight


The data analyzed were extracted from the FOX Insight database [18], which stores information on patients suspected to have or diagnosed with PD. It is an international, longitudinal, and observational database that stores clinical variables and the quality of life of patients, with the aim of better characterizing their natural history. This record contributes to understanding the various clinical presentations of the disease and its evolution, helping to improve diagnostic research and treatment. This platform offers questionnaires in which patients indicate the presence of certain symptoms, as well as their intensity. It is a database of questionnaires answered by both patients and caregivers, which provides a wide range of information.



After a detailed analysis of the platform, the available questions and answers were reviewed. Subsequently, the questions considered relevant to the objectives of the study were selected. This stage was carried out under the supervision of a neurologist, taking into account the scientific basis in currently published articles related to the disease and the specialist’s clinical experience. This choice was made to maintain the heterogeneity of the sample and ensure the effectiveness of this work.



Three groups of questions related to non-motor symptoms were selected, each with its specification and relevance. Group 1 refers to questions related to gastrointestinal and urinary symptoms. Group 2 refers to questions related to pain symptoms, emotions, and behavior. Group 3 refers to questions related to sleep and sensory symptoms.



Table 1 provides details of the selected questions and their respective groups, which were used as input data for the neural network model developed in this study.




2.3. Coding the Data into Numerical Variable


To feed the ANN, the Fox Insight data were coded. Categorical variables were coded 0 (yes) or 1 (no), indicating the presence or absence of the symptom, respectively.




2.4. Data Included and Excluded


Initially, all questions related to non-motor symptoms of PD were selected from the available database, totaling 102 questions. These questions were then subjected to analysis in conjunction with a neurologist, taking into consideration their clinical experience and the available scientific evidence. During this analysis, similar questions were identified and grouped, and those whose exclusion would not compromise the study were removed, resulting in 49 final questions. Subsequently, an assessment was conducted to identify blank or unusable questions due to lack of information, which were excluded from the dataset. Additionally, to avoid duplications, only the first available questionnaire from each participant was retained. As a result of this process, 25 essential questions remained, which were divided into 3 groups referring to different non-motor symptoms of the disease, as guided by the neurologist. This final dataset totaled 41,892 individual data points, representing the study population. This detailed and meticulous approach ensured the quality and reliability of the analyzed data, providing a solid foundation for the research findings.




2.5. Algorithm


In this work, a model was developed and implemented in MATLAB version R2022b to address the project’s objective of creating a severity scale for PD without relying on target labels during model training. The chosen approach was data clustering, considered most suitable for the task. This strategy employed a Self-Organizing Map (SOM), a type of ANN, to explore underlying patterns and relationships in observational data, contributing to a more comprehensive analysis.



The SOM was selected for its ability to map input signals of arbitrary dimensions into a two-dimensional space, making it particularly advantageous for visualizing complex data relevant to healthcare professionals. During the training process, a SOM’s topography is gradually adjusted based on the provided data, revealing implicit structures of similarity between observations. The SOM achieves dimension reduction intrinsically during training, initializing the weights of each neuron in the SOM grid and adjusting them based on presented input data samples (in this case, patients’ symptoms). Through multiple training epochs, the SOM grid self-organizes so that neurons close to each other represent similar patterns in the input data, effectively reducing data dimensionality and enabling visualization and analysis in a lower-dimensional space.



The model’s hyperparameters were configured according to MATLAB’s selfOrgMap function standards, except the topologyFcn parameter was set as ‘gridtop’ to create a rectangular topology. Data splitting for training and testing was performed internally by the algorithm, with 200 training epochs conducted using Mean Squared Error (MSE) as the performance metric. Data splitting for training and testing utilized the first questionnaire, while subsequent queries were used to validate the model.



Choice of Data Processing Strategy


The reason for grouping the data, in the case of this project, the questions related to non-motor symptoms, was to separate the different classes of disease manifestation and thus generate a severity index that is easy to use. Clustering aims to discover similar implicit structures in a data set. These “clusters” contain examples of data that are similar to each other and, in most cases, this similarity can be measured by geometric distance. The closer the feature vectors are, the more similar the individuals in a population are.



The SOM method was chosen for this work, as previously mentioned, with a map size of 6 × 6, totaling 36 neurons. This choice sought to balance the representativeness of the model and avoid overfitting. The 6 × 6 dimension was chosen to allow a clear visual representation, avoiding redundancy and maintaining interpretability. This decision met the scientific need for effective representation, considering the complexity of the data and the ease of visual interpretation [19,20].



Patient information from the FOX Insight database, after coding, was used as input information for the ANN. The SOM mapped the data in a two-dimensional grid of neurons, maintaining the notion of neighborhood [21].



The U-Matrix (Unified Distance Matrix) was then applied to visualize the “clusters” formed by the SOM. Given a neuron J and its respective weight Wj, the U-Matrix calculates the distance between the weights Wj of the neighboring neurons. The result is an image where each hexagon can be interpreted as the calculated distance, and the reading of this proximity is evaluated, in which dark, black colors indicate the proximity of the neurons (these neurons are activated by many inputs) and light, yellowish colors show their distance (few inputs activate these neurons).



Figure 1a shows the visual representation of the U-Matrix. The K-means method was then used to generate the data classes (from Class 1 to Class 4), as shown in Figure 1b [22]. For the K-means algorithm, the parameterization was also set to the default used by MATLAB. The maximum number of iterations was set to 100, centroid initialization was randomly adjusted using the ‘sample’ method, and the Euclidean distance as the distance metric.



When the K-means algorithm was applied to the map, four classes were obtained, which were numbered according to the order of severity, when each symptom was analyzed individually. They were also differentiated by colors, chosen at random, to better identify each class.





2.6. Mapping of Subsequent Queries and Validation


In the training data set, 26,755 patients had records of medical consultations after the baseline. The data from each consultation were coded and organized into vectors according to the same procedures adopted previously. Each vector was then compared with the weight vectors to determine the most similar neuron (BMU, Best Matching Unit). At this stage, the network weights were not adjusted. The aim was to define the location of the neuron triggered in each consultation to obtain the patients’ trajectories through the map as their clinical condition progressed. In the project validation stage, the same procedure was adopted. Each input vector was compared to the neurons on the map to determine their BMU, without adjusting the neuronal network weights.





3. Results


3.1. Age Analysis


Analyzing the age distribution of PD patients and their non-motor symptoms in Figure 2 reveals a wide age range of 18 to 119 years, which includes different stages of the disease (classes are differentiated by colours). This age difference is significant, especially considering that non-motor symptoms can appear up to 10 years before motor symptoms.



In the initial phase (Class 1—mild phase), where the frequency of symptoms is expected to be lower, the minimum age of the patients is 18. This finding confirms evidence that non-motor symptoms can appear early in PD, even in younger people, long before the classic motor symptoms appear.



As the disease progresses to a more pronounced stage, the age distribution widens, reflecting considerable diversity. This is observed in intermediate (Class 2), moderate (Class 3), and advanced (Class 4) patients, while continuing to occur in young patients, suggesting that PD with non-motor symptoms is not limited to a particular age group. This analysis reinforces the complexity of PD and the variability in the manifestations of non-motor symptoms in the different stages of the disease.




3.2. Component Maps


The component map is a convenient type of SOM visualization for analyzing the distribution of each patient symptom across a map. These maps should be interpreted according to the color scale, where yellow corresponds to the presence of the symptom and black indicates its absence. In addition, the symptoms are categorized according to the class in which the neurons were activated. Class 1, also known as the ‘Initial Stage’, represents the early stages of a disease. At this stage, symptoms can be subtle or almost unnoticeable. Some individuals in this class may not even have the disease, but are included because they have a few signs or symptoms. Class 2, labeled the ‘Intermediate Stage’, describes progression beyond the initial stage, but before reaching more serious levels. Class 3, labeled the ‘Advanced Moderate Stage’, indicates a more advanced phase of the disease, but before the more severe stages. Class 4, named the ‘Advanced Stage’, represents a significant progression of the disease, characterized by a more profound impact on quality of life.



In the analysis of Group 1, symptoms relating to gastrointestinal and urinary issues are presented, highlighting aspects of these patients’ daily lives. The analysis of the neuronal maps revealed distinct patterns of neuronal activation in response to specific questions about non-motor symptoms of PD.



In Figure 3, in MoveSaliva, which is associated with saliva dripping, the predominance of activated neurons in Classes 3 and 4 suggests a direct relationship between the severity of this symptom and the intensity of the neuronal response.



The analysis of MoveSmell, related to the loss of or alteration in taste/olfaction, reveals predominant activation in Classes 3 and 4, along with presence in Class 2, indicating a diverse neuronal response to this symptom.



As for MoveSwall on difficulty swallowing food or drink and choking problems in the last month, a significant distribution of neuronal activation is revealed, with neurons concentrated in Class 4. This high concentration in Class 4 suggests a relationship between the symptoms and the severity of the disease.



MoveConstip and MoveBowelEmpty, referring to the questions about the feeling of incomplete emptying of the bowel and constipation in the last month, reveal specific patterns of neuronal activation. In the question about the feeling of incomplete emptying, the most significant concentration of neurons is in Class 4. As for the question about constipation, the highest concentration of neurons in Class 4 points to a significant neuronal response associated with this symptom, while Classes 2 and 3 indicate variations.



The analysis of the neuronal maps referring to the sensation of ‘urgently needing to urinate’ and the frequency of getting up at night to urinate in the last month (MoveUrine and MoveUrinePM) shows the complexity of the problems in the autonomic nervous system in PD. There is a higher concentration of neurons in Class 4 in the questions about urgency to urinate, which coincides with previous research showing problems in the autonomic nervous system as something common in PD, affecting several areas, including the urinary system. In addition, there is neuronal activation in Classes 1, 2, and 3, revealing that this symptom is present from the early stages of the disease.



Concerning the frequency of getting up at night to urinate, the consistently high activity in Classes 3 and 4 highlights the persistence of this symptom.



In the analysis carried out by Group 2, symptoms related to pain, emotions, and behavior in PD are addressed. When examining Figure 4, in the MovePain image associated with unexplained pain, there is a concentration of neurons in Classes 2, 3, and, more significantly, in Class 4. This neuronal activity covers many classes of neurons, indicating a possible association between the presence of unexplained pain and intermediate and advanced stages of PD.



As for MoveWeight, referring to the question about unexplained weight change, Class 4 again shows the greatest neuronal activation, indicating a more pronounced neuronal association with this condition.



Concerning MoveInterest, it can be seen that few neurons are activated in Class 1. However, as the severity of the disease increases, there is a significant change in this symptom. In Class 2, there is a considerable increase compared to Class 1. Surprisingly, in Class 3, there is a decrease in activated neurons, contrary to the upward trend observed in the previous classes. And when moving on to Class 4, characterized as severe, there is a marked increase.



Concerning MoveSee, notable activation is revealed in Class 4 regarding the perception of facts that the patient knows or has been told do not exist, indicating a more pronounced neuronal response to that specific experience in the more advanced class.



In MoveAnxious, when it comes to feelings of anxiety and panic, Class 4 demonstrates the greatest neuronal activation. There is higher activation in Class 2 compared to Class 3. This result may suggest a differential influence of disease progression on the manifestations of this symptom. Classes 1 and 3 show lower neuronal activations.



The analysis of the MoveSex image reveals marked neuronal activation in Class 4, corroborating previous studies that highlight sexual dysfunctions in Parkinson’s disease. While in Class 1, there is a low activation of neurons, a significant increase is observed in Classes 2 and 3. Specifically regarding difficulty in having sex, in the MoveSexDiff image, Class 4 also shows notable activation.



In MoveHappen, regarding the question about belief in events not perceived by other people in different classes, it is possible to observe a distinct pattern. In Class 1, this symptom is not present. In Class 2 and Class 3, there is a slight presence. However, it is in Class 4 that it stands out, suggesting a stronger association between this symptom and the more advanced stages of the disease.



Analyzing MoveForget and MoveConcent on recent memory problems and difficulty concentrating, a pattern of symptom evolution can be seen as PD progresses. Initially, in Class 1, a modest presence of these symptoms is observed. However, in Class 2, an increase in the prevalence of these symptoms is noted, in line with scientific findings on the progression of cognitive symptoms in PD.



In MoveFell, it is noted that this is also a symptom that is present from the beginning of the disease, being more present in Class 2 and Class 4.



Subsequently, the figures from group 3 were analyzed, which concerns questions related to sleep and sensory symptoms. In the neural maps associated with questions about sleep-related difficulties, distinct patterns are observed.



In Figure 5, in the MoveAwake image that corresponds to the question about difficulty staying awake during daytime activities, there is an initial lower representation in Class 1, followed by an increase in the following classes, culminating in the greatest representation in Class 4. In MoveSleep, related to the question about difficulty sleeping at night or staying asleep, a marked trend of progressive increases in the representation of classes is identified. Initially, there is considerable representation in Class 1; however, this representation increases significantly in later classes, suggesting a higher prevalence of difficulties sleeping or staying asleep during the night as the disease progresses to more advanced stages.



Regarding MoveDream and MoveTalk, the data indicate that initially, lower representation is predicted in Class 1 and progressively increases in the following classes. This increase is notable in Class 4, indicating a greater prevalence of these symptoms in this specific class.



MoveSens, associated with unpleasant sensations in the legs at night or during rest and the need for movement, demonstrates a gradual increase with progression between classes. This progression highlights a higher incidence of these sensations in Class 4, suggesting a strong association of these discomforts with the progression of the disease.



MoveVision is related to the experience of double vision. Initially, it is less frequent in Class 1, but this symptom becomes more prevalent in Class 4. Finally, when examining MoveSweat, linked to excessive sweating, a consistent increase is observed when passing through the classes, starting with less expressive representation in Class 1 and reaching greater representation in Class 4.




3.3. Moving Patients around the Map


In this section, the general movement trends of patients across the map were analyzed. Table 2 indicates the number of patients in each class for whom there were records of consultations after the baseline.



Migration Trends


From Table 3, we can observe the general movement trends of individuals in each class. In all cases, we notice that most patients remained in the same group.



The analysis of a patient’s transition between PD symptoms while taking non-motor symptoms into account shows clear patterns over time. Class 1 patients, characterized by the initial phase, have an expected tendency to remain in the same class as that of the last visit. This stability reflects the lower severity of symptoms in this initial phase of the disease, reinforcing the expectation of slower progression. However, Class 2 patients show more dynamic development. The retention of a significant proportion in this phase indicates some stability, but the transition to advanced phases (Classes 3 and 4) is significant, suggesting the possible intensification of non-motor symptoms over time. Concerning the moderate and advanced stages (Classes 3 and 4), the frequency of patients who remain in these categories corresponds to the established picture, where the majority remain in these stages. However, the presence of regression in the early stages highlights the variability in disease progression among patients.





3.4. Validation of Results


For validation, the complete data provided by the platform were used. Figure 6 shows the organization of the Artificial Neural Network map, indicating the location of each symptom within its corresponding class.



In Figure 7, the evolution of a patient over the course of five consultations is observed, in which a complex trajectory of non-motor symptoms is noted. In the first consultation, at 74 years and 6 months, a patient was classified as being in the moderate stage of the disease (Class 3), activating neuron 10. This classification remained unchanged in the second consultation, carried out at 74 years and 9 months, demonstrating the initial stability of the symptoms. However, in the third consultation, carried out at 75 years and 3 months, the patient’s classification changed to Class 1. It is noted that although the class change occurred, the activated neuron was close to Class 3. On the fourth visit, the patient returned to Class 3. This return to the previous class highlights the fluctuating dynamics of non-motor symptoms. In the fifth consultation, at 75 years and 9 months, the activated neuron was number 9, classifying this patient in Class 4, in the advanced stage of the disease.



Figure 8 shows another patient who had four consultations. The first consultation was carried out at the age of 52 years and 7 months, in which the patient was classified as being in Class 2. In the second consultation, at the age of 54 years and 4 months, there was a transition to Class 3. In the third consultation, at the age of 55 years and 2 months, the patient returned to Class 2, even with neuronal activation close to Class 4. The last consultation, at 55 years and 4 months, indicated a significant change, placing the patient in Class 4. Therefore, this observation is of a patient who, in 2 years and 5 months, progressed from Class 2 to Class 4.





4. Conclusions


The study successfully developed a severity index for PD based on non-motor symptoms using an ANN. The resulting scale classified patients into four classes, representing different degrees of severity, highlighting the dynamic nature of the condition. The differentiation between classes was based on the number and frequency of symptoms, not their specificity.



The results emphasize the importance of gastrointestinal and urinary tract symptoms at different severity levels, especially the early association of urinary tract symptoms in the early stages of PD. The persistence of the symptom of difficulty sleeping in one of the groups suggested the need for special attention to be paid to this symptom in the early stages of the disease. The early detection of urinary and gastrointestinal symptoms indicated the importance of early monitoring and intervention, while the variability in symptoms in one of the groups highlighted the dynamic complexity of the condition. The practicality of the scale, which automatically converts various records into an index, was highlighted as a significant advantage.



The pictorial representation of the classes on the map allowed for a clear visualization of the patient’s condition and trajectory during the consultation, providing a useful graphical representation.



The age of the patients was also noted, with a considerable number of young patients, which may be justified by the onset of non-motor symptoms up to 10 years before motor symptoms.



These results underscore the clinical relevance and practical applicability of the developed scale. However, the need for further studies with real patients is emphasized to validate and further enhance the scale’s effectiveness in assessing the severity of PD. This approach will contribute to the validation of and improvement in the tool, strengthening its clinical utility and ability to provide valuable insights for disease management.
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Figure 1. (a) U-Matrix; (b) classes formed by the K-means method. 
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Figure 2. Descriptive statistics of the ages of the patients in the database. 
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Figure 3. Group referring to gastrointestinal and urinary symptoms. 
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Figure 4. Group referring to pain symptoms, emotions, and behavior. 
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Figure 5. Group referring to sleep and sensory symptoms. 
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Figure 6. Identification of the neuron by class. 
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Figure 7. Patient 1. 
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Figure 8. Patient 2. 
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Table 1. Description of the questions selected from the Fox Insight database.
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Group

	
Designation

	
Description of Questions






	
Group 1

	
MoveSaliva

	
Have you had saliva dripping during the day in the last month?




	
MoveSmell

	
Have you experienced a loss or change in your ability to taste or smell in the last month?




	
MoveSwall

	
Have you had difficulty swallowing food or drinks or had problems choking in the last month?




	
MoveConstip

	
Have you had constipation (less than three bowel movements per week) or had to strain to defecate in the last month?




	
MoveBowelEmpty

	
Have you had the feeling that your bowel emptying was incomplete after going to the bathroom in the last month?




	
MoveUrine

	
Have you had a feeling of urgency to urinate that made you run to the bathroom in the last month?




	
MoveUrinePM

	
Have you gotten up regularly at night to urinate in the last month?




	
Group 2

	
MovePain

	
Have you had unexplained pain (not caused by known conditions such as arthritis) in the last month?




	
MoveWeight

	
Have you had an unexplained weight change (not due to dietary changes) in the last month?




	
MoveInterest

	
Have you lost interest in what is happening around you or in doing things in the last month?




	
MoveSee

	
Have you seen or heard things that you know or have been told do not exist in the last month?




	
MoveAnxious

	
Have you felt anxious, scared, or panicked in the last month?




	
MoveSex

	
Have you felt less interested in sex or more interested in sex in the last month?




	
MoveSexDiff

	
Did you have difficulty having sex when you tried in the last month?




	
MoveHappen

	
Have you believed that things are happening to you that other people say are not happening in the last month?




	
MoveForget

	
Have you had trouble remembering things that happened recently or forgotten to do things in the last month?




	
MoveConcent

	
Had difficulty concentrating or staying focused on the last month?




	
MoveFell

	
Have you felt “depressed” or “sad” in the last month?




	
Group 3

	
MoveAwake

	
Have you had difficulty staying awake during activities such as working, driving, or eating in the last month?




	
MoveSleep

	
Had difficulty sleeping at night or staying awake




	
MoveDream

	
sleep through the night in the last month?




	
MoveTalk

	
Have you had vivid or frightening intense dreams in the last month?




	
MoveSens

	
Have you had the experience of talking or moving in your sleep as if you were “playing out” a dream in the last month?




	
MoveVision

	
Have you had unpleasant sensations in your legs at night or while




	
MoveSweat

	
rested and the feeling that you needed to move in the last month?











 





Table 2. Initial positioning of patients with consultations after baseline.
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	Class 1
	Class 2
	Class 3
	Class 4





	8329 patients
	6098 patients
	7034 patients
	5294 patients










 





Table 3. Migration of patients between the first and last consultation.






Table 3. Migration of patients between the first and last consultation.





	

	
LAST CONSULTATION




	
BASELINE

	

	
Class 1

	
Class 2

	
Class 3

	
Class 4




	
Class 1

	
55%

(4585 patients)

	
17%

(1430 patients)

	
24%

(1995 patients)

	
4%

(319 patients)




	
Class 2

	
15%

(929 patients)

	
44%

(2685 patients)

	
19%

(1137 patients)

	
22%

(1347 patients)




	
Class 3

	
15%

(10