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Parkinson's disease is a progressive neurodegenerative disease with complex, heterogeneous motor and non-motor symptoms. The current evidence shows that there is still a marked heterogeneity in the subtyping of Parkinson's disease using both clinical and data-driven approaches. Another challenge posed in PD subtyping is the reproducibility of previously identified PD subtypes. These issues require additional results to confirm previous findings and help reconcile discrepancies, as well as establish a standardized application of cluster analysis to facilitate comparison and reproducibility of identified PD subtypes. Our study aimed to address this gap by investigating subtypes of Parkinson's disease using comprehensive clinical (motor and non-motor features) data retrieved from 408 de novo Parkinson's disease patients with the complete clinical data in the Parkinson's Progressive Marker Initiative database. A standardized k-means cluster analysis approach was developed by taking into consideration of common practice and recommendations from previous studies. All data analysis codes were made available online to promote data comparison and validation of reproducibility across research groups. We identified two distinct PD subtypes, termed the severe motor-non-motor subtype (SMNS) and the mild motor- non-motor subtype (MMNS). SMNS experienced symptom onset at an older age and manifested more intense motor and non-motor symptoms than MMNS, who experienced symptom onset at a younger age and manifested milder forms of Parkinson's symptoms. The SPECT imaging makers supported clinical findings such that the severe motor-non-motor subtype showed lower binding values than the mild motor- non-motor subtype, indicating more significant neural damage at the nigral pathway. In addition, SMNS and MMNS show distinct motor (ANCOVA test: F = 47.35, p< 0.001) and cognitive functioning (F = 33.93, p< 0.001) progression trends. Such contrast between SMNS and MMNS in both motor and cognitive functioning can be consistently observed up to 3 years following the baseline visit, demonstrating the potential prognostic value of identified PD subtypes.
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INTRODUCTION

Parkinson's disease (PD) is a progressive neurodegenerative disease with a wide range of motor and non-motor manifestations (1). Motor features such as tremor, bradykinesia, rigidity, and postural instability are hallmarks for clinical assessment and diagnosis of PD (2). However, a growing body of evidence shows that PD is highly heterogeneous, including complex motor and non-motor features (3); and changes in brain imaging and cerebrospinal fluid (CSF) biomarkers (4–6). The detection, management, and assessment of PD can be incomplete and erroneous when non-motor features, imaging, and biospecimen changes are not considered. Both missed diagnosis and false diagnosis can severely affect the quality of life since misdiagnosis can result in undertreatment; thus, increasing the chance of rapid disease progression. Similarly, inaccurate diagnosis and treatment can expose individuals to serious side effects due to potent therapeutic medications (7). Given the heterogeneous nature of PD, it marks great clinical significance and benefits to identify underlying PD subtypes, which can be transformational in designing prevention and treatment strategies (8). Identifying subtypes of PD with shared characteristics can promote the discovery of PD etiology through the understanding of the underlying pathophysiological mechanism (1). In addition, the identification of subtypes opens the door for early detection and management of PD and the development of tailored management strategies, which help address the specific needs of an individual patient and prevent over/under treatment mishaps (8, 9).

Traditionally, motor symptoms are used for PD subtyping, with tremor-dominant (TD) and postural instability and gait difficulty (PIGD) as the most consistently identified motor subtypes (10, 11). These seminal studies provide crucial evidence on the existence of distinct subtypes of PD. However, non-motor features are grossly overlooked in the subtyping process. The fact that the choice of variables is driven by a priori hypothesis with the empirical section of cut-offs also introduces substantial ambiguity in the subtyping results (12). Since the first adoption of data-driven cluster analysis in PD subtyping (13), it has become a more popular approach in later studies in identifying PD subtypes. Cluster analysis can take a wide collection of variables into consideration for PD subtypes bypassing the a priori selection process, and determine the optimal subtypes based on statistical methods.

A body of literature exists utilizing cluster analysis with both motor and non-motor variables aiming to achieve an objective PD subtyping (13–18). Graham et al. identify three distinct PD subtypes, including “motor only,” “motor and cognition,” and “rapid progression” (13). Erro et al. also identify three PD subtypes but with different characteristics, with the first group bearing the lowest motor and non-motor burden, and the other two groups with a similar motor burden but different non-motor involvement (18). In another study, three distinct subtypes are defined as “mild motor-predominant,” “diffuse malignant,” and “intermediate” (17). Despite the positive findings, there are still wide inconsistencies in proposed subtypes of PD. One review paper compared subtyping results from two studies using the same database (17, 18) and found only 56% agreement on cluster memberships (4). A possible reason for these inconsistencies may be due to inherent limitations of data-driven subtyping of PD using hierarchical and non-hierarchical cluster analysis (6). The inconsistent subtypes can also stem from heterogeneity in data sources, study designs, patient populations (19), motor and non-motor data, and cluster analysis techniques used for identifying subtypes. The inclusion of PD patients on and off medications could be another source for inconsistencies in proposed PD subtypes (18); inclusion of PD patients on and off medications can also lead to erroneous PD subtyping. On top of inconsistent results, the poor reproducibility of reported PD subtypes poses another challenge in the field. Mestre et al. validated PD subtyping results from eight studies using the same database over a 10-year span by a panel of clinical experts following a modified Delphi consensus process (19). It was found that 7 out of 8 studies were “not very well” or “not at all” reproduced. Considering these issues in PD subtyping, multiple review papers outlined the need for standardized application of cluster analysis and additional results to reconcile the inconsistencies in PD subtyping (4, 12, 19).

This study aims to mitigate these issues by identifying PD subtypes in de novo PD patients using the comprehensive motor and non-motor data from the Parkinson's Progressive Markers Initiative (PPMI) (20). Following a common study pathway as summarized in (12), the present study starts off implementing data-driven k-means cluster analysis with a standardized approach using recommended practice in (6) to obtain objective PD subtyping. Next, the study conducts post-hoc analyses to describe motor, non-motor, CSF biomarkers and neuroimaging characteristics of PD subtypes. Lastly, the study evaluates the longitudinal progression of motor and global cognitive functioning of identified PD subtypes and the stability of these subtypes up to 3 years following the baseline visits. Our results are compared to previous studies to confirm past findings and to investigate discrepancies. Given that the data used in the study is publicly accessible, we also make our data analysis codes publicly available (https://github.com/ranxiao/PDSubtyping) to share the standardized cluster analysis approach, and maximally facilitate result comparison and reproducibility by other research groups.



MATERIALS AND METHODS


Study Data and Population

Data used in this study were obtained from the PPMI database (20). PPMI is an ongoing longitudinal observational study involving participants from multiple clinical sites (21) situated in 11 countries. PMMI contains a wide range of information on demographics, motor, and non-motor features; Single-photon emission computed tomography (SPECT-DaT) brain imaging, cerebrospinal fluid (CSF) biomarker, and genetic biomarkers from three groups, namely (a) untreated de novo PD, (b) healthy control, and (c) SWEDD (scans without evidence of dopaminergic deficit) participants (20). We only included untreated de novo PD patients at the baseline to identify PD subtypes for this study. Clinical motor assessments were collected every 3 months during the first year and every 6-month interval after that. Assessments on cognitive and behavioral features were collected at every 12-month interval. Imaging data were collected from PD patients at visits in 12, 24, and 36 months (20). The details of the PPMI dataset and cohorts are available on the PPMI website www.ppmi-info.org. This study has received an exemption from the Institutional Review Board (IRB) of Duke University as it is using publicly available deidentified data from the PPMI.

The PPMI includes comprehensive information on motor and non-motor features from PD patients. Following data were used in our study:

1) Demographic characteristics: age of symptom onset and sex.

2) Motor features: International Parkinson's disease and Movement Disorder Society-Unified Parkinson's Disease Rating Scale (MDS-UPPRS) Part III total score and subscores: rigidity (item 3), tremor (sum of items 15–18), bradykinesia (sum of item 2, 4–9, and 14), and axial scores (sum of items 1 and 9–13) (22). Greater scores in motor features indicate greater severity of motor symptoms.

3) Non-motor features: Neuropsychiatric features—Montreal Cognitive Assessment (MoCA), psychological features from MDS-UPDRS Part I fatigue (item 13), pain (item 9), apathy (item 5), hallucinations (item 2), Geriatric Depression Scale (GDS), State of Anxiety Inventory (STAI) score, REM sleep behavior disorder (RBD); and autonomic features—olfactory dysfunction using the University of Pennsylvania Smell Identification Test (UPSIT) score, autonomic dysfunction using the Scales for Outcomes in Parkinson's disease Autonomic (SCOPA-AUT) total score and its sub item scores: orofacial, gastrointestinal, urinary, cardiovascular, thermoregulatory, pupilometer, and sexual scores. Greater scores in non-motor features indicate greater severity except MoCA and UPSIT scores.

We used the above-mentioned motor, non-motor data, and age of onset to identify Parkinson's disease subtypes and compared clinical attributes (motor, non-motor, brain imaging, CSF biomarkers, and symptom progressions) across the identified subtypes.



Brain Imaging Markers

PPMI collected dopaminergic imaging—single-photon emission computed tomography (SPECT) from the PPMI participants. SPECT with CAT tracer I-ioflupane uses tracers that bind with dopamine cells, and SPECT imaging is a gold standard test to assess dopaminergic denervation in several neurodegenerative diseases, including Parkinson's disease (23, 24). A summary of imaging markers (right caudate, left caudate, right putamen, left putamen, right striatum, left striatum, mean caudate measure, mean putamen measure, mean striatum measure, lowest caudate measure, highest caudate measure, lowest putamen measure, highest putamen measure, lowest striatum measure, highest striatum measure, asymmetry index-caudate, putamen, striatum, left count density ratio, right count density ratio, contralateral striatum, contralateral caudate, contralateral putamen, contralateral count density ratio, ipsilateral striatum, ipsilateral caudate, ipsilateral putamen, ipsilateral count density ratio) was used to compare neurodegenerative imaging changes between subtypes at the baseline.



CSF Biomarkers

PPMI includes comprehensive CSF biomarkers. Strong evidence underscores that CSF biomarkers can be sensitive indicators of cognitive decline (25), dopaminergic deficit (26), neurodegenerative changes (27), motor features (28), disease progression and neurofibrillary changes in PD (29). CSF biomarkers are found to be associated with motor progression, neuropsychiatric features, and cognitive decline in Parkinson's disease patients (30). We used a summary of CSF biomarkers (CSF Aβ1-42, α-synuclein, t tau, p-tau, t-tau/Aβ 1-42 ratio, p-tau/Aβ 1-42 ratio, p-tau/t-tau ratio, t-tau/α-synuclein ratio, p-tau/α-synuclein ratio) to compare CSF biomarkers across subtypes. Correlational analyses were also conducted to find the association of identified significant factors with motor and non-motor scores, respectively.



Longitudinal Assessments

We compared the rate of motor and cognitive progression across the identified PD subtypes using Hoehn and Yahr's and MoCA scores. Patients included in the cluster analysis but without any of these symptom data in follow-up visits are identified and removed from the longitudinal assessments. Hoehn and Yahr's scale is demonstrated to have greater clinicometric properties and is highly correlated with the motor function of MDS-UPDRS (31). Hoehn and Yahr's scale has been used as a successful indicator of Parkinson's disease progression in clinical and clinical trial studies (32). The scores were assessed at the baseline (Y0), 12 months (Y1), 24 months (Y2), and 36 months (Y3) as described below in post-hoc analyses. A larger Hoehn and Yahr's score is an indication of severe motor dysfunction, whereas a lower MoCA score is reflective of greater cognitive impairment.



K-Means Cluster Analysis

A total of 683 participants were in PPMI datasets, including Parkinson's disease, healthy control, and SWEDD (Scans without evidence of dopaminergic deficit). Among them, 423 untreated de novo participants with PD diagnosis at the baseline met the eligibility criteria for this study. After eliminating participants with missing values, 408 participants (males: 269, females: 139) with complete data were included for k-means cluster analysis. The average age of participants was 59.6 years (age range: 25–83 years). Twenty-two variables representing motor and non-motor features of PD were retrieved from PPMI datasets for cluster analysis. The corresponding clinical scores were standardized using min-max normalization. We conducted a k-means cluster analysis to identify the PD subtypes. A list of cluster numbers ranging from 2 to 10 was evaluated. The optimal number of subtypes was identified based on the Calinski-Harabasz (C-H) pseudo-F value. The cluster analysis was repeated 100 times with random initialization to avoid final cluster membership derived from a local optimum. The maximal number of iterations was set at 100 to ensure ample iterations to arrive at an optimal clustering solution within each cluster analysis. All analyses were carried out using Matlab (Mathworks Inc., Natick, MA).



Post-hoc Analyses

The descriptive statistics (mean and standard deviation) were performed to summarize and compare the motor, non-motor features, SPECT-DaT brain imaging, and CSF biomarker attributes of two identified subtypes. Three post-hoc analyses were performed to (a) summarize motor and non-motor attributes, (b) SPECT-DaT brain imaging and CSF biomarkers, and (c) characterize motor and global cognitive progression rates, using Hoehn and Yahr and MoCA scores, respectively. The mean and standard deviation are calculated for each of the 22 baseline attributes and statistically compared between the two subtypes. The Hedges' g standardized mean difference (SMD) and its 95% confidence interval (via bootstrapping 3,000 times) are calculated to reveal the level of differences between subtypes. SMD is calculated by
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where m1i and m2i are the mean values of ith baseline attribute in subtypes I and II, respectively. δi is the pooled standard deviation from both subtypes. The SMD is calculated using the measures of effect size (MES) toolbox ver.1.5 (33). The mean and standard deviation are calculated for each of 28 imaging measures and 10 CSF biomarkers, and statistically compared between the two subtypes. A non-parametric Wilcoxon rank-sum test was performed to examine if statistically significant differences existed between the identified subtypes in baseline clinical features (motor and non-motor features), imaging, and CSF biomarkers. The significant level α is set at 0.05, and multiple comparisons are adjusted by Bonferroni correction.

Visualizing cluster memberships is an important qualitative evaluation that can offer additional insights into derived PD subtypes. Due to the multivariate nature of input features, it's challenging to visualize the clusters in a two-dimensional format. While dimensional reduction techniques, such as principal component analysis (PCA), can be implemented to visualize the separation of different clusters (17), the subsequent interpretation is non-trivial contributed by the highly abstract nature of principal components. Like the global composite outcome proposed in (17), the present study establishes two new composite scores, the motor composite score, and the non-motor composite score. This is calculated by rescaling all motor and non-motor features (as described in the above section) into the range of (0, 1) through the min-max normalization and averaging the normalized scores of all components in each category, respectively. Since MoCA and UPSIT have revered severity scores compared to other non-motor features, they are adjusted by subtracting the normalized scores from one before the averaging operation for calculating the non-motor composite score. For both composite scores, the higher value indicates a severe condition. A scatter plot is generated to depict the distribution of cluster memberships of each sample in a two-dimensional plane representing the motor and non-motor symptom severity.

The progression is evaluated based on four time points, baseline visit (Y0), 12-month follow-up (Y1), 24-month follow-up (Y2), and 36-month follow-up (Y3). Three progression rates are derived to capture progression at various temporal resolutions, including early progression (change of scores between Y1 and Y0), secondary progression (change of scores between Y3 and Y1) and long-term progression (change of scores between Y3 and Y0). In addition, a time plot of motor and non-motor symptom progression is presented to qualitatively evaluate the stability of PD subtypes. An analysis of covariance (ANCOVA) test is performed to investigate the effect of PD subtypes and different visits on the symptom progression, which is adjusted with age at symptom onset as a covariate in the statistical analysis. The significant level α is set at 0.05.




RESULTS


Baseline Description

A total of 408 de novo untreated PD patients comprising 269 (65.93%) males and 139 (34.96%) females with complete clustering data were included in the k-means cluster analysis.



Statistical Clusters

There are twenty-two variables, including the age of symptom onset, motor, and non-motor features, used to identify PD subtypes based on the k-means cluster analysis. The clustering optimum was attained for the two-cluster solution. As shown in Figure 1, the largest C-H pseudo-F value obtained was 57 from the two-cluster solution. More samples are assigned to the PD subtype I (N = 270) than the second subtype (N = 138). PD subtype I includes participants who manifest symptoms at a younger age (young at symptoms onset) with an average age of 58.2 ± 10.2 (age range = 25.4–80.1 years) than PD subtype II participants (older at symptoms onset) with an average age of 62.4 ± 8.9 years (range = 35.6–83 years).


[image: Figure 1]
FIGURE 1. Selection of optimal cluster number based on Calanski-Harabasz (C-H) values.




Variation in Baseline Clustering Characteristics

As shown in Table 1, we observed statistically significant differences in a majority of motor and non-motor features. There were statistically significant differences in age of symptom onset (p< 0.001), MDS UPDRS III score (p< 0.001), rigidity (p< 0.001), bradykinesia (p< 0.001), axial subscore (p< 0.001), MoCA (p = 0.0014), GDS (p< 0.001), fatigue (p < 0.001), pain (p< 0.001), RBD (p< 0.001), SCOPA-total (p< 0.001), and SCOPA-subscores (p< 0.001) between the two PD subtypes. No statistical significance was observed in their tremor (p = 0.1243) and hallucination scores (p = 0.3408). Overall, PD subtype II (older at symptom onset) experienced more severe Parkinson's symptoms (motor and non-motor symptoms) than the subtype I (younger at symptom onset). Subtype II experienced more severe cognitive impairment marked by a lower MoCA score than the subtype I. Based on the intensity of Parkinson's symptom burden, we termed the subtype I and the subtype II as “mild motor-non-motor subtype (MMNS)” and “severe motor-non-motor subtype (SMNS)”, respectively. Such observations are corroborated by the distribution of samples in the motor-non-motor plane, as presented in Figure 2. It shows SMNS samples (red dots) generally scatter on the top-right direction of MMNS samples (blue dots), with higher motor and non-motor composite scores. Figure 3 reveals the level of differences between the two subtypes with SMDs and corresponding 95% CIs. It shows that SMNS demonstrates more severe symptoms at baseline than the MMNS regardless of motor and non-motor attributes. The majority of attributes have a large effect size between the two subtypes, with most absolute SMD values close to one.


Table 1. Baseline clinical characteristics of PD subtypes.
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FIGURE 2. Distribution of cluster memberships in the motor-non-motor plane.



[image: Figure 3]
FIGURE 3. Level of differences in baseline characteristics between PD subtypes. The * symbol indicates statistically significant differences between the two subtypes.




Variation in Imaging Markers

As shown in Table 2, SMNS and MMNS varied significantly in the brain imaging markers. Generally, the MMNS subtype demonstrated greater binding values in caudate, putamen, striatum regions than the SMNS subtype.


Table 2. Brain imaging of PD subtypes.
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Variation in CSF Biomarkers

The SMNS and MMNS subtypes did not vary significantly in terms of CSF biomarkers except the p-tau/α-synuclein ratio (p = 0.002), as shown in Table 3.


Table 3. CSF biomarkers of PD subtypes.
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Longitudinal Progression

There are 17 PD patients with baseline data but without symptom data in follow-up visits. This results in 391 patient data entering the longitudinal analysis with 262 in the MMNS group and 129 in the SMNS group, which maintain a similar patient ratio between two subtypes compared to those used in the cluster analysis. Figure 4 depicts the time plot of H&Y (blue lines) and MoCA (red lines) scores from baseline up to 36-month follow-up. The MMNS subtype is presented in solid lines and the SMNS subtype in dash lines. For the progression of the motor symptom as captured in H&Y (blue lines), SMNS presents a more severe pattern than MMNS consistently across all four time points. SMNS also presents fewer variations in the changing rate compared to MMNS. As for non-motor symptoms (red lines), SMNS presents worse cognitive functions than MMNS consistently across all four time points. It also shows an increasing difference in cognitive functions along time between the two subtypes. The ANCOVA test shows there is a significant difference between the two subtypes in both motor (F = 47.35, p< 0.001) and non-motor (F = 27.67, p< 0.001) progressions after adjusting age at symptom onset as a confounding factor. It also reveals significant difference among four timepoints in both motor (F = 33.93, p< 0.001) and non-motor (F = 8.35, p< 0.001) progressions.


[image: Figure 4]
FIGURE 4. Time plot of motor (HandY) and non-motor (MoCA) progressions in PD subtypes.


Table 4 shows the comparison of the progression rates in three different time intervals between two subtypes. In terms of motor functioning, MMNS demonstrated more rapid early and long-term progression than the SMNS subtype. In terms of global cognitive function, measured using MoCA scores, patients in SMNS demonstrated rapid deterioration in early, secondary, and long-term progression than MMNS patients.


Table 4. Parkinson's disease symptom progression rate of PD subtypes.

[image: Table 4]




DISCUSSION

In the present study, we aimed to validate the Parkinson's disease subtypes using a standardized data-driven approach. We used k-means cluster analysis to unravel two distinct subtypes of Parkinson's disease patients using extensive motor and non-motor data from the Parkinson's Progression Markers Initiative (PPMI) database, which includes patients between 25 and 83 years, representing patients of broad age range and varying disease severity. We adopted a rigorous and standardized process to minimize biases in the cluster analysis, including data normalization, identifying optimal cluster numbers through an iterative process, and random initializations to avoid local optima. The process is fully data-driven without the need for manual parameter tuning such that objective and reproducible clustering results can be achieved. Based on the severity of motor and non-motor symptom burden, two distinct PD subtypes: severe motor-non-motor subtype (SMNS) and mild motor-non-motor subtype (MMNS) were identified. Novel motor and non-motor composite scores were developed to provide a direct and qualitative assessment of the distribution of cluster memberships. In addition, we provided a comprehensive evaluation of their characteristics, including brain imaging, CSF biomarkers, longitudinal motor and cognitive progression.


Baseline Characteristics

Our post-hoc comparisons demonstrated that two subtypes varied significantly in terms of the age of symptoms onset, motor (MDS UPDRS III total score, rigidity, bradykinesia, and axial subscores) and non-motor (MoCA, SCOPA, RBD, GDS, pain, fatigue, and apathy) features. Although there is not much difference in the mean age of the two subtypes, the age range reflects the younger at symptom onset include patients of younger age (age range: 25.4–80.1 years) than older at symptom onset PD participants (age range: 35.6–83 years. These age ranges reflect the diversity in the age of de novo PD patients. The subtype with the older onset of symptoms experienced a greater Parkinson's symptoms burden than the subtype with the younger onset of symptoms. The SMNS subtype experienced more intense motor and non-motor symptoms than the MMNS subtype.

The severity of Parkinson's symptom in both groups were complemented by their respective SPECT imaging findings, which showed a marked reduction in binding values at caudate, putamen, and striatum regions in the SMNS relative to the MMNS subtype. These findings are in line with the earlier study findings, which demonstrated that reduced bindings values were indicative of Parkinson's disease (34). The intense Parkinson's symptom burden along with the shrinkage of caudate, putamen, striatum binding values in SMNS are suggestive of a pronounced dopaminergic neuronal loss in striatum nigral regions than MMNS groups (35). Earlier studies have indicated that greater loss of binding sites at caudate, putamen, and striatum regions were substantially correlated to impaired motor function, cognitive decline, and depression (21, 36, 37), which align with the current study findings.

Our findings from the CSF biomarkers comparison demonstrated that the two subtypes differ significantly regarding the p-tau/α-synuclein ratio. Our study is first to examine the correlations between the p-tau/α-synuclein ratio with MoCA and UPDRS-III scores. The analyses showed that p-tau/α-synuclein ratio was not significantly correlated with MoCA scores (Pearson correlation coefficient: ρ = 0.04, p = 0.50) or UPDRS-III (Pearson correlation coefficient: ρ = 0.06, p = 0.23). Despite insignificant findings, these findings suggest a critical need to examine the relationships between p-tau/α-synuclein ratio with MoCA and UPDRS-III scores in the long run, as the progression of PD patients might illustrate some meaningful relationships. Prior studies have shown that a lower p-tau/α-synuclein ratio is an important biomarker of PD and this ratio helps in differentiating PD from other neuropathies (30). However, the exact cut-off points of p-tau/α-synuclein ratios for differentiating PD patients are unclear because of conflicting findings. Even though our findings are not directly comparable with previous findings, prior studies comparing p-tau/α-synuclein ratios between PD patients and healthy cohorts show inconsistent findings. A higher p-tau/α-synuclein ratios were observed in PD patients relative to healthy controls (38), whereas another study showed that p-tau/α-synuclein ratios were not different between PD patients and healthy controls (39). It is important to note that the comparison groups of these studies vary from our PD subtypes, indicating the need to investigate the variation in p-tau/α-synuclein ratios across PD subtypes. A study using PPMI data indicated that the p-tau/α-synuclein ratios were not different across three identified subtypes of PD patients (17). Due to these discrepant findings, more studies are needed to investigate the role of the p-tau/α-synuclein ratio and variation of the p-tau/α-synuclein ratios across PD subtypes.



Rate of Progression

Our findings on the rate of progression show that MMNS showed more rapid early and long-term deterioration of motor decline than SMNS as measured by Hoehn and Yahr score. In terms of global cognitive functioning, the SMNS group deteriorated more rapidly than MMNS patients did. Our findings confirmed the degenerative, progressive nature of Parkinson's disease in terms of both motor and cognitive domains. As depicted in Figure 4, clear contrast can be drawn in the progression of motor and non-motor symptoms between two subtypes. These findings shed light on unique trajectories of motor and cognitive dysfunctions in these two subtypes. Moreover, the ranking of severity in identified subtypes presents a stable pattern for both motor- and non-motor symptoms up to 3-year following the initial baseline visit, indicating the temporally consistent property of these subtypes, and demonstrating their potential prognostic value.



Comparison With Previous Studies

Our findings are consistent with a study by Pagano et al. (40) using PPMI data with a priori age-based clusters. This study demonstrated that Parkinson's disease patients (older at symptom onset) manifested severe motor symptoms (tremor, MDS-UPDRS III total score, and bradykinesia), non-motor symptoms (SCOPA total, UPSIT, and MoCA), and marked deterioration in imaging makers than the younger at symptom onset (40). Our findings demonstrating the relationship between age of symptom onset and disease severity also agrees with previous studies by Fereshtehnejad et al. (17) and Erro et al. (18) based on data-driven analyses—without a priori hypotheses, using PPMI data. Especially, the SMNS subtype—that experienced more intense Parkinson's symptoms—bears some resemblance with their diffuse malignant subtype in respect of motor (MDS-UPDRS Part III score), non-motor (SCOPA-total, MoCA), and neuropsychiatric features (apathy, fatigue, pain, STAI). Our MMNS subtype with milder symptoms shares similarities with benign groups in terms of motor (MDS-UPDRS Part III score, tremor), non-motor (SCOPA-total, MoCA), and neuropsychiatric features (STAI, hallucinations, apathy, pain). Although the above-mentioned studies obtained their data from the common source, PPMI, findings reveal some discrepancies with respect to the motor and non-motor symptoms that might be due to the use of different clustering analysis techniques.

The past studies have reported that tremor is one of the key distinguishing features across various subtypes, whereas the current study showed that two subtypes did not vary in terms of tremor severity. Thus, our findings do not align with some past studies that identified unique subtypes with tremor and non-tremor dominant features (41, 42). There are several plausible reasons explaining differences in our findings with these studies. One reason could be that most of these studies utilized motor data alone, while our study considered both motor and non-motor symptoms data of the PD. The second plausible reason might be due to consideration of cross-sectional tremor data in the cluster analysis that might have prevented tracking of tremor progression and discrepancies in identified subtypes. Finally, it might be because of PPMI data as PPMI only includes de novo PD patients who are off the medications, which might have excluded the PD who were on medications with greater tremor severity. The disease progression rates in this current study were also inconsistent with prior studies, which report that the old-age onset subtype showed rapid motor decline than the young-onset subtype having slower progression of motor decline (41, 42). The likely reasons for these inconsistencies can be due to differences in variables included in cluster analyses, data pre-processing, data standardization, and clustering techniques applied for identifying clusters.



Strengths and Limitations

The present study developed a standardized cluster analysis procedure that builds upon recommendations and common practice from previous studies (4, 6, 12, 18), and it is published online to foster data comparison and reproducibility of results. We undertook measures to mitigate the inherent limitations associated with data-driven approach analysis: (a) inclusion of comprehensive motor and non-motor features from the publicly available PPMI database, (b) data standardization using min-max normalization, (c) identification and selection of optimum clusters using C-H pseudo-F value, (d) identification of global minima and avoidance of local minima by setting iterations and repetitions to 100 levels. These measures aid in minimizing any subjective biases that might have stemmed from a priori hypothesis-driven analysis, clinical subtyping, and the heuristic selection of variables and clusters. Our study explored and compared attributes of two clusters using motor and non-motor features, brain imaging, CSF-biomarkers, trajectories of motor, and global cognitive functioning. The novel composite scores combined with visualization of cluster memberships in the two-dimensional motor-non-motor plane provide a more intuitive and clinically meaningful understanding of identified PD subtypes. In addition, few studies have investigated the longitudinal stability of subtype characteristics. Our results show a clear and stable contrast between the two subtypes in both motor and cognitive progressions. Such stability provides not only additional validation but also offers great clinical implications in terms of the prognostic value of the identified PD subtypes.

The last strength of the study inherits from the advantage of the data-driven cluster analysis in that once clusters have been identified, a rule for assigning cluster memberships (i.e., PD subtypes in this study) is readily constructed and can be used to classify patient data into one of these two PD subtypes. Our K-means cluster analysis approach derives rescaling parameters for normalizing patient data and centroid information for the two PD subtypes (see Supplementary Table S1). These parameters collectively form the cluster model, which can classify patients into one of two PD subtypes based on the following steps, (a) normalize patient data using rescaling parameters; (b) calculate squared Euclidean distances between patient data and each cluster centroid; (c) classify the patient into the PD subtype with a shorter distance. The simple implementation and explainable model parameters facilitate the downstream clinical applications of identified PD subtypes. Compared to traditional clinical subtyping that is usually based on a priori hypothesis and relies on motor symptoms and/or the age of onset (10, 11, 43–46), data-driven PD subtyping addresses some of the limitations. This includes incorporating important non-motor features in the subtyping process and bypassing the ambiguity in selecting the ratio of motor sub-scores for defining the clinical subtypes (12, 47). However, several challenges still exist, staggering the broad adoption of data-driven subtypes. First, data-driven PD subtyping often requires more data elements to be collected, which imposes an additional burden in clinical practice. Second, there is still a substantial variation between subtypes identified from different data-driven PD subtyping studies. Our study answers the call for a standardized cluster analysis approach (12) and facilitates result sharing and comparison. More efforts need to be directed in this direction to identify the most relevant variables and consolidate discrepant findings for data-driven PD subtyping to push their clinical use.

Despite the strengths in the study, our findings should be interpreted with some degree of caution partially due to limitations associated with PPMI datasets. PPMI involves untreated PD patients at the early PD stage without extreme motor or cognitive complications. This might underrepresent patients with greater symptoms severity who are on medications. PPMI has a shorter follow-up duration (<4 years); thus, it was not possible to examine the long trajectories of disease severity across subtypes. Furthermore, confounding factors in longitudinal analyses in observational studies often exist. Although the issue is mitigated by including the age at symptom onset as a covariate in the ANCOVA test, other potential confounding factors have yet to be explored due to the limitations of existing datasets. For example, procedures such as deep brain stimulation (DBS) are likely to alter the symptom progression trajectories. However, among 391 patient data entered the longitudinal analysis, only 48 of them have information on whether and when DBS procedures are administrated. Therefore, future study is warranted to investigate the confounding effects further when more complete datasets become available.

Although PPMI includes patients of a wider age range and disease severity, we chose to exclude the participants with any missing values in variables used for cluster analysis to prevent potential biases that might be introduced due to the replacing of missing values. Due to greater missing values in imaging and CSF biomarkers, several participants were excluded from analyses that might have compromised the generalizability of findings. This exclusion of participants with missing values might have restricted the representativeness of the PPMI dataset. The inclusion of participants with complete data for cluster analysis might have reduced the strength of the data-driven analysis due to the truncation of the analytic sample size. In addition, we only summarize clinical, brain imaging, and CSF biomarker characteristics of two subtypes using descriptive measures; thus, this might not explain the correlation between clinical, imaging, and biomarker changes.

As the PPMI dataset is still evolving with the inclusion of motor and non-motor features and longer follow-up duration, further confirmatory studies are required to validate PD subtypes. Identification of subtypes of PD patients using the latest, complete PPMI data will help in the precise identification of PD subtypes representing PD patients. Furthermore, subtypes can be identified using brain imaging, biomarkers, and genetics data. Moreover, future studies need to examine the correlation between clinical features, CSF, and imaging markers to elucidate the complex heterogeneous nature of Parkinson's disease. Other clustering approaches, such as network analysis, can be used to validate PD subtypes.




CONCLUSION

In summary, we identified two distinct subtypes of Parkinson's disease: (a) mild motor-non-motor subtype (MMNS) with milder motor, non-motor, and neuropsychiatric features and (b) severe motor-non-motor subtype (SMNS) with intense motor and non-motor features by including motor and non-motor features in cluster analysis. The SPECT imaging supports the clinical symptom burden—lower binding values in striatal pathways were observed in SMNS than MMNS, reflecting greater deterioration in nigral pathways in the SMNS subtype. Both subtypes showed peculiar progression patterns, with SMNS showing a more rapid decline in global cognitive functioning and MMNS showing a more rapid decline in motor functioning. The clear contrast between two subtypes in both motor and cognitive functioning progressions demonstrates the longitudinal stability of subtype memberships up to 3 years following the baseline visit. Such stability provides great clinical implications on the prognostic value of the identified subtypes at baseline. More studies are needed to confirm our findings with a larger sample of longitudinal data for subtyping analysis. Such findings provide additional evidence to devise tailored treatment planning for identified PD subtypes to maximize patient outcomes.
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