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Data-driven stratification of Parkinson’s disease patients
based on the progression of motor and cognitive disease

markers

Datengetriebene Stratifizierung von Patienten mit Parkinson-Krankheit
anhand von Verlaufsdaten motorischer und kognitiver Kennzahlen der

Erkrankung

Abstract

Parkinson’s disease (PD) is a progressive neurodegenerative movement
disorder with a complex set of motor and non-motor symptoms and a
diverse disease progression. Subtyping PD patients is required for per-
sonalized therapies but stratification approaches based on intermediate
phenotypes such as clinical assessment scores lack reproducibility and
stability, which is at least partially due to the broad spectrum of methods
that can be applied during different steps of data processing. We pro-
pose a novel approach that considers the progression of detailed clin-
ical assessment scores in different domains over a period of five years.
Furthermore, we confirm the robustness of our subtypes with compar-
isons to subtypes that emerge when using different data pre-processing
or another clustering algorithm. Three subtypes were found with differ-
entiable symptoms: The motor-dominant subtype has the fastest pro-
gression and is most severely affected in daily life, closely followed by
the sleep-dominant non-tremor subtype. The mild-motor subtype, in
contrast, is characterized by moderate progression. These subtypes
emerge from their progression pattern rather than from a snapshot
during one time point. Hence we advocate for stratification approaches
for PD subtyping that take longitudinal data over several years into ac-
count.

Keywords: Parkinson's disease (PD), PPMI, stratification, subtypes,
biomarker, machine learning, clustering

Zusammenfassung

Die Parkinson-Krankheit ist eine fortschreitende, neurodegenerative
Erkrankung, die sich durch komplexe motorische und nicht-motorische
Symptome sowie einen vielfaltigen Krankheitsverlauf auszeichnet.
Subtypisierung der Patienten ist flr personalisierte Therapien notwendig,
jedoch fehlt es an Stratifizierungsansatzen, die auf Zwischenphanotypen
wie z.B. klinischen Tests aufsetzen, an Reproduzierbarkeit und Stabilitat.
Dies bedingt sich teilweise durch die vielen methodischen Méglichkeiten
bei der Datenprozessierung. Wir schlagen einen neuen Ansatz vor, bei
dem die Entwicklung detaillierter klinischer Kennwerte aus unterschied-
lichen Domanen Uber einen Zeitraum von funf Jahren betrachtet wird.
Die Robustheit der so erhaltenen Subtypen untermauern wir mit Verglei-
chen zu Subtypen, die wir mit abweichender Datenprozessierung oder
einem anderen Clustering-Algorithmus gewonnen hatten. Wir finden
hier drei Subtypen mit differenzierbarer Symptomatik: Der motorisch-
dominante Subtyp ist gekennzeichnet durch den raschesten Verfall und
ist im taglichen Leben am starksten betroffen, eng gefolgt vom Schiaf-
dominanten non-Tremor Subtyp. Im Gegensatz dazu ist der Krankheits-
verlauf des mild-motorischen Subtyps eher moderat. Diese Subtypen
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erwachsen aus den Verlaufen ihrer komplexen Symptomatik und nicht
aus Gruppenunterschieden wahrend eines einzelnen Zeitpunkts. Des-
wegen pladieren wir dafur, fir die Subtypisierung von Parkinson-Patien-

ten Langsschnittdaten mehrerer Jahre zu verwenden.

Schliisselworter: Parkinson-Krankheit, PPMI, Stratifizierung, Subtypen,

Biomarker, maschinelles Lernen, Clustering

Introduction

Parkinson’s disease (PD) is a progressive neurodegener-
ative movement disorder with a complex set of motor and
non-motor symptoms and a diverse disease progression.
Bradykinesia, resting tremor, rigidity, and postural instabil-
ity represent its cardinal symptoms [1], [2], [3]. However,
the complexity of the disease manifests in a broad spec-
trum of symptoms, including non-motor symptoms in early
disease progression and an overall heterogeneous pro-
gression of symptoms [2], [4]. Based on these disease
features, it may be possible to stratify PD patients into
subgroups with distinct disease courses [5]. Successful
stratification of PD patients is crucial for better prediction
of the individual’s disease course and development of
individualized therapy.

Motor and non-motor features have different underlying
pathologies. Motor symptoms are mainly caused by de-
generation of striatal dopaminergic neurons of the sub-
stantia nigra pars compacta in the basal ganglia, with the
presence of intracytoplasmic a-synoclein protein or Lewy
bodies (LB) [6], [7], [8]. Presence of LBs beyond the
brainstem has been confirmed, explaining the heterogen-
eous characteristics of PD especially regarding non-motor
features [9]. Non-motor symptoms such as sleep dis-
orders, cognitive impairments, olfactory loss, and constip-
ation often occur before manifestation of motor features
concluding these to be pre-indicators.

Genetic mutations in 18 chromosomal regions are iden-
tified as genetic PD risk factors [10]. Mutations located
in SNCA, LRRK2, MAPT, and GBA have the greatest ge-
netic impact on developing PD. SNCA mutations can
cause dysregulation of LBs, LRRK2 mutations mediate
neuronal toxicity, and mutations in MAPT can cause PD
related dementia [9], [11], [12], [13], [14], [15]. GBA
mutations cause a wide spectrum of symptoms and are
found in 8%-14% of PD autopsies [10], [16].

Previous PD subtyping studies are based on data obtained
on a single time point, on the difference between baseline
and follow-up measurements, or on longitudinal data
without preserving the temporal structure in the data
[17],[48], [19], [20], [21], [22]. However, the PD subtypes
found in these studies lack reproducibility [23], [24] and
stability over time [25], [26], [27], [28], [29]. To circum-
vent the problem of instability over time we hypothesize
that PD subtypes do not necessarily differ for a snapshot
of disease symptoms, obtained via e.g. clinical test scores,
markers from biospecimens, or characteristics derived
from neuroimaging, but that PD subtypes mainly differ in
their progression of these disease symptoms.

We analysed data from 237 de novo, unmedicated PD
patients from the Parkinson’s Progression Markers Initia-
tive (PPMI) cohort [30] who have completed yearly assess-
ments of 14 disease markers in the motor, neuropsycho-
logical, cognitive, and sleep disorder domain over a five-
year period. The progression of the disease is modelled
with polynomial regression and the regression coefficients
were used for cluster analysis, which stratifies the hetero-
genous group of patients in more homogenous sub-
groups, i.e. the PD subtypes. Regression coefficients have
been used for prediction of the disease progression of
PD patients [31] but for PD patient stratification this is a
novel approach. Different pre-processing pipelines and
clustering algorithms were compared in order to evaluate
the robustness of the obtained PD subtypes.

Methods
Data

Data used in the preparation of this article were obtained
from the PPMI database, downloaded in March 2019.
For up-to-date information on the study, visit http://
www.ppmi-info.org/. PPMI provides subject records of 18
different clinical (sub-)assessments, of which 12 are used
in this study (Table 1). The Movement Disorder Society
Unified Parkinson Rating Scale (MDS-UPDRS) is an update
of the original Unified Parkinson’s Disease Rating Scale,
dividing it into four distinct parts and strengthening the
non-motor features [32]. MDS-UPDRS is especially cre-
ated for measuring the longitudinal disease course by
assessing different disease characteristics. The sub-
scales of the first three parts were used in this study to
obtain more detailed characteristics than from the total
score alone. The fourth part was excluded because of too
many missing values. Additionally, Postural Instability/Gait
Difficulty (PIGD) and Tremor Dominance (TD) scores were
calculated from the corresponding MDS-UPDRS items
[33]. Initially meant to be disease subtyping classifiers,
these scores were shown to be more valuable as indica-
tors for the disease progression [25], [26], [34]. The items
of MDS-UPDRS Part Il and lll that were used to determine
PIGD and TD were excluded from the total scores of these
parts, yielding corrected scores. Apart from motor assess-
ments, we included three neuropsychological, four cog-
nitive, and two sleep disorder tests. Five further assess-
ments were excluded because they were obtained at
screening but not at later visits. In summary, we used all
12 clinical sub-assessments for which sufficient longi-
tudinal data was available, added the two calculated
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Table 1: Chosen clinical assessment scores at baseline (n=237) with their respective ranges. Note that the scores for
MDS-UPDRS Part Il and Part lll were corrected for the TD and PIGD scores, respectively, which are calculated from

parts of these assessments. Categorization derived from Marek and colleagues [30].

Category Clinical (sub-)assessment Mean + SD Score range
[best, worst]
Motor MDS-UPDRS Part Il corrected [32] 40+30 [0, 44]
MDS-UPDRS Part Ill corrected [32] 19.3+8.3 [0, 92]
TD score (calculated) [33] 43+10 [0, 44]
PIGD score (calculated) [33] 47+20 [0, 20]
Autonomic testing | MDS-UPDRS Part | [32] 40+30 [0, 52]
Neuro/behavior Geriatric Depression Scale (GDS) [50] 52+16 [0, 15]
State-Trait Anxiety Inventory (STAI) [51] 93.0+8.3 [0, 160]
Questionnaire for Impulsive-Compulsive 1.4+08 [0, 12]
Disorders (QUIP) [52]
Cognitive testing Hopkins Verbal Learning Test [53] 184.1 + 34.6 |the higher, the better
Benton Judgment of Line Orientation [54] 13.0+2.0 [30, 0]
Letter Number Sequencing [55] 10.8+25 [21, O]
Modified Schwab and England ADL [56] 935+5.9 [100, 0]
Sleep disorders Epworth Sleepiness Scale [57] 6.8+3.3 [0, 24]
REM Sleep Disorder [58] 52+16 [0, 13]

Table 2: Demographic and genetic characteristics of included patients at baseline (n=237). Eleven patients are
missing some demographic data at baseline and are therefore not included in this part of the table. Some
patients have multiple ethnicities, therefore the total count of ethnicities exceeds the number of patients.

Mean + SD/count Range/percentage
Age 60.6 + 9.7 [34, 85]
Years of education 155+28 [5, 26]
Disease duration [months] 6.5+ 66 [1, 35]
Female/male 70/156 31.0/69.0
Ethnicity: Afro American/Asian/
Caucasian/Hispanic/Native American/ 2/4/230/7/2/5 0.8/1.6/91.3/2.8/0.8/2.0
not specified
Handedness: right/left 205/25 89.1/10.9
LRRK2 mutation: y/n 75/162 31.7/68.3
MAPT mutation: y/n 80/157 33.8/66.2
SNCA mutation: y/n 227/10 95.8/4.2
GBA mutation: y/n 25/212 10.6/89.4

scores PIGD and TD and corrected the sub-scores from
the underlying assessments accordingly.

From the 454 PD patients of the PPMI cohort, we included
the ones with yearly collections of the chosen 12 clinical
assessments over a period of five years. Therefore, each
of the 237 patients in our sample (Table 2) has a com-
plete set of the 14 scores (Table 1) at baseline and 12,
24, 36, 48, and 60 months after baseline.

Pre-processing, feature extraction and
selection

Each of the 14 scores was min-max normalized from O
to 1 because this procedure yields data ranges that are
comparable between scores and since the scores have
natural ranges, outliers are not a problem here. To cap-

ture the progression of the disease over time and reduce
the dimensionality of the data, we transformed the data
into a time-series over five years from which we derived
three regression coefficient sets with polynomial regres-
sion (Figure 1a). These regression coefficients, especially
the higher order “slopes” §,, B,, and B,, serve as numer-
ical indicators of disease progression over the five years.
Since we could not assume progression in a linear fash-
ion, we included further possibilities with the higher order
regressions. The first set includes intercepts and slopes
from the linear regression of each of the 14 scores with
time in months as predictor (28 coefficients total), the
second set includes the three coefficients from the
14 quadratic regressions over time (42 coefficients total),
and the third set includes the four coefficients from the
14 cubic regressions over time (56 coefficients total).
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Figure 1: Feature construction. The regressions (a) are illustrated exemplarily on the TD score of one patient. The three regression
types are specified by the accompanying equations and color coded throughout the whole figure. Six PCAs were carried out
with the data as illustrated in b). The procedure yielded the 8 feature sets that are illustrated in c).

The regression coefficients were min-max normalized
from -1 to 1 to preserve the direction of the change.

To investigate the variance distributions of the regression
coefficients and reduce the number of features for clus-
tering, principal component analyses (PCA) were per-
formed on all regression coefficient sets (Figure 1b). Since
our main focus was on the progression of the disease,
we analyzed the slopes in addition to the whole set of
regression parameters (Figure 1c, Figure 2).
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Figure 2: Explained variances of the PCAs conducted
on the three complete data sets (all coefficients) and
the reduced data sets (slopes only).

Using only the slopes (Figure 2, circles), it is clear that
the first 14 PCs are sufficient to explain nearly the com-

plete variance. The two sets with more than 14 coeffi-
cients experience a sharp drop in additional explained
variance thereafter. The PCA on all linear coefficients
shows a similar progression, although the drop after the
14" component is not as sharp. For these data sets, we
therefore included the first 14 components in the feature
sets for the clustering, except for the linear slopes where
we used only the original data, since the PCA did not
provide a dimensionality reduction here. The explained
variances rise slower for all quadratic and cubic coeffi-
cients, therefore we used the first 15 components to ac-
count for this but still staying in an order similar to the
other data sets. In addition to these reduced feature sets,
we considered all regression coefficients from the qua-
dratic and cubic regression as feature sets for the clus-
tering, yielding eight feature sets for cluster analyses
(Figure 1c).

Pre-processing, clustering, and statistical analyses were
conducted in Python 3.7 using pandas [35], ScyPy [36],
scikit-learn [37], NumPy [38], pinguin [39], and MATLAB
(The MathWorks, Natick, MA, USA) using the MATLAB
engine for Python.

Clustering algorithms and model
evaluation

We use the two simplest and most common clustering
algorithms k-means and hierarchical clustering in order
to evaluate the stability of PD subtypes across clustering
algorithms. k-means is the most commonly used algorithm
overall, which is also extensively used on various health-
related data [40], [41], including PD subtyping [20], [21],

GMS

gmdsl

GMS Medizinische Informatik, Biometrie und Epidemiologie 2021, Vol. 17(1), ISSN 1860-9171

4/14



Krasniqi et al.: Data-driven stratification of Parkinson’s disease ...

[42]. For PD subtyping, hierarchical clustering is the most
common clustering method [17], [18], [34]. This allows
us to compare our stratification results with previous
studies yet still directly comparing two algorithms.

For both algorithms we used the simplest configuration:
Euclidean distances as similarity measure and for the
hierarchical clustering Ward’s criterion as linkage cri-
terion. Both algorithms were performed on all eight fea-
ture sets.

For finding the best feature set and an optimal number
of clusters, we calculated the explained variance for each
clustering model from k=2 to k=20 clusters, and supple-
mented these data with the within-cluster sum of squares
(WCSS) for each model. Both measures can easily com-
pare models with similar complexity and both provide an
idea about the optimal number of clusters using the “el-
bow method” [43]. For the hierarchical clustering, we
additionally used the dendrograms for finding the optimal
number of clusters.

To evaluate the robustness of our final cluster solution,
we compared cluster memberships for this model with
similar models. Similar models were the ones either ob-
tained by the other algorithm, or with one more or less
number of clusters, or using another feature set.

Statistical analyses

To describe patient subtypes from the clusters, we ana-
lysed the progression of the original assessments for the
patients groups with fixed-effects ANOVAs with time (O,
12, 24, 36, 48, 60 months) as within-subjects factor and
patient group as between-subjects factor. Patient groups
were additionally evaluated by demographic characteris-
tics and mutation frequencies of PD-related genes using
ANOVAs or X-tests, respectively. Significance level was
set to a=.05, uncorrected, since we merely used the tests
for group description and not for group differentiation.
Bonferroni correction was used for post-hoc tests within
each assessment.

Furthermore, we explore whether any of the biospecimens
collected for the PPMI cohort might be used as a biomark-
er for predicting the patient subtype from an early stage
on. 89 of the specimens had data for at least half of the
patients in our sample and were therefore included in
the analysis. From these specimens, 41 were derived
from cerebrospinal fluid, 10 from RNA, 32 from plasma,
2 from serum, 3 from urine, and one from whole blood.
We conducted fixed-effects ANOVAs with the patient group
as between-subjects factor on those specimens from the
first visit. Significance level was set to &=.05, corrected
for the number of specimens, i.e. a=.00056.

Results

Model selection

Since k-means clustering yielded slightly better values
for the explained variances and both k-means and hier-

archical clustering provide a rather similar picture, we
demonstrate the model selection based on the measures
obtained from k-means clustering (Figure 3). Both
measures clearly show that the models based on the
feature sets with the linear regression coefficients outper-
form the other models. Taken both measures together,
the feature set containing only the linear slopes is the
model to choose. Besides, this model has two advantages
for interpretation: It is based directly on the regression
slopes and not on PCA transformed data, which can be
more directly interpreted. It also takes only the progres-
sion of the disease into account, i.e. is not biased by the
patients’ states at the time they entered the study like
the models that are based on all regression coefficients,
i.e. including the intercepts.

For obtaining the optimal number of clusters neither
measure provides a clear “elbow” in its course
(Figure 3a,b). One might detect a slight bending at three
or four clusters but this is debatable. A closer look on the
changes in the measures with increasing number of
clusters (Figure 3c,d) suggests indeed a noticeable drop
in improvement after three clusters. The dendrogram
from the hierarchical clustering on the linear regression
slopes confirms this observation (Figure 4a). Here, the
distance measure clearly suggest three clusters. There-
fore, the clustering model chosen for subtyping the PD
patients is based on k-means clustering on the linear re-
gression slopes with k=3.

A comparison of cluster assignments between the models
obtained with k-means and hierarchical clustering
(Figure 4b) reveals rather robust clusters between al-
gorithms. 185 out of 237 patients (78%) were assigned
to the same clusters. Comparing the assignment to the
three clusters with the models based on two and four
clusters (Figure 4c-d), respectively, reveals rather robust
cluster assignments as well. The group splitting is also
comparable to the hierarchical clustering (Figure 4a).
Compared with the cluster assignments of the next best
feature set, the first 14 PCs of all linear coefficients, there
is only one patient with a deviating cluster assignment.
Taken together, the clustering model we base our subtyp-
ing on is quite robust against the clustering algorithm,
the number of clusters, and the feature set used.

Cluster group demographics and
genetics

The patients were distributed rather evenly across the
groups (Table 3). The groups differ neither in age, years
of education, disease duration at baseline, nor handed-
ness. There is, however, a difference in the distribution
of gender (Table 3). Women are, relative to the ratio in
the patient sample, under-represented in the first but
over-represented in the third group. The four most
prominent gene mutations associated with PD, LRR2,
MAPT, SNCA, and GBA, were uniformly distributed across
groups.
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Figure 3: Evaluation of the clusters obtained from k-means clustering. The explained variance (a) indicates how much of the
variance in the data can be explained by the assignment of patients to the clusters and should therefore be maximized. The
within-cluster sum of squares (WCSS, b) quantifies the deviation of the cluster members from each cluster centroid and should
be minimized to obtain compact clusters with large inter-cluster distances [59]. The changes in explained variance (c) and
WCSS (d) with each additional cluster for the models based on the linear slopes provide a more detailed view on the fit of each
cluster number.
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Table 3: Demographic and genetic characteristics of patients in the groups (n=237) with a test for group differences.
Eleven patients are missing demographic data and are therefore not included in this part of the table.

Characteristics Group 1 Group 2 Group 3 FIX? df P
Number of subjects (%) 99 (42%) 71 (30%) 67 (28%)

Age 61.8+10.7| 604+90 | 59.2+8.8 1.465 2,223 233
Years of education 152+ 3.1 15.8 + 3.0 156 +24 0.888 2,223 413
Disease duration at baseline [months] 712+ 7.3 6.3+71 58+47 0.791 2,223 455
Handedness (R/L) 71/20 62/9 53/4 1.473 2 479
Female/male (% female) 11/88 (12%) | 23/48 (32%) | 26/37 (41%) | 6.701 2 .035
LRRK2 mutation (y/n) 30/69 22/49 24/43 0.212 2 .900
MAPT mutation (y/n) 33/66 25/46 22/45 0.064 2 .969
SNCA mutation (y/n) 99/0 69/2 59/8 0.733 2 .693
GBA mutation (y/n) 10/89 8/63 7/60 0.051 2 975

Notation: mean + SD or count

Patient subtyping

Analysis of the progression of the assessment scores in
the different groups (Table 4) reveals a detailed profile
of the progression in the different domains for each group
and can therefore be used as a description for the sub-
types of the disease.

Motor symptoms (Table 4, Figure 5) worsen overall and
the groups demonstrate distinguishable progressions
over all sub-domains. Group 1 demonstrates the steepest
decline in all motor functions, their overall performance
in the MDS-UPDRS Part Il corr. (Figure 5a) is sign. worse
than the performance of group 3 (t,,,=3.136; p=.002),
and their overall performance measured by the TD score
is sign. worse than the performance of group 2
(t,,s=3.888; p<.001) and 3 (t,,,=3.006; p=.003). For the
two other groups it is a mixed picture. They have similar
performance in the MDS-UPDRS Part lll corr. and the PIGD
score. However, group 3 stays rather stable for MDS-UP-
DRS Part Il corr. and worsens only mildly in the TD score.
In contrast, group 2 gets sign. worse than group 3 in the
MDS-UPDRS Part Il corr. but sign. better in the TD score.
The tremor dominance of group 2 even decreases sign.
after five years compared to baseline (t,,=3.126; p=.003).
Taken together, group 1 experiences a steep increase in
all motor symptoms and group 3 shows only mild deteri-
orations in the motor domain. The symptoms of group 2
worsen for the ones assessed with the MDS-UPDRS Part I
corr. but the tremor symptoms improve slightly.

The autonomy of the patients (MDS-UPDRS Part I) de-
creases in general and the groups demonstrate distin-
guishable progressions (Table 4, Figure 6a). The
autonomy of group 1 and 2 is steeply decreasing, with
group 2 exhibiting least autonomy, which is overall even
sign. worse than the autonomy of group 3 (t,,,=3.119;
p=.002). Group 3 remains stable.

The neuropsychological assessments (Table 4, Figure 6b-
d) cannot distinguish between the groups and remain
rather stable over time. Only the scores of the Question-
naire for Impulsive-Compulsive Disorders show an overall
effect of time and for this assessment as well as for the

State-Trait Anxiety Inventory we find a differential effect
of time on the three groups. However, the assessments
in this domain fail to be good descriptors for the groups.
Cognitive changes over time are present for all assess-
ments in this domain (Table 4, Figure 7). In the Hopkins
Verbal Learning Test the patients become slightly better,
which might be a learning effect. The verbal working
memory (Letter Number Sequencing) and the ability of
performing the activities of daily life (Modified Schwab
and England) are in general decreasing. The differential
progression for the groups on the Schwab and England
scores sets group 1 apart from the other two groups,
which are rather similar. Group 1 experiences steady
decrease in abilities while the two other groups have a
steep loss of function in the first year but stabilize after-
wards. After four years, the performance of group 1 has
worsened sign. Taken together, group 1 experiences some
loss of verbal working memory and substantial decrease
in the ability to perform daily activities, group 2 also ex-
periences some loss of verbal working memory and a
moderate decrease in the ability to perform daily activi-
ties, and group 3 shows only a moderate decrease in the
ability to perform daily activities.

Sleep problems (Table 4, Figure 8) worsen in general and
the groups demonstrate distinguishable progressions
over both sub-domains. Group 2 shows the steepest in-
crease in problems on the Epworth Sleepiness Scale and
their overall score is higher than the score of group 1
(t,,s=2.216; p=.028; n.s. corr. but sign. in year four and
five) and sign. higher than the score of group 3
(t,;,=3.413; p=.001). With respect to REM Sleep Disorder,
groups 1 and 2 show rather similar moderate progression,
both having sign. higher overall scores than group 3
(group 1: t,,=2.569; p=.011; group 2: t,.=2.685;
p=.008). Taken together, group 1 is characterized by a
moderate increase on the Epworth Sleepiness Scale and
in REM Sleep Disorder, group 2 experiences a steep in-
crease on the Epworth Sleepiness Scale and a moderate
increase in REM Sleep Disorder, and the sleep of group 3
remains stable.
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Table 4: Group statistics for the mixed ANOVAs on the 14 assessment scores

Group Time Group x Time

(df=2, 234) (df=5, 1170) (df=10,1170)
Motor
MDS-UPDRS Part Il corr. 4.850; .009 60.833; <.001 21.570; <.001
MDS-UPDRS Part Ill corr. 0.936; .394 60.778; <.001 15.061; <.001
TD score 9.223; <.001 7.416; <.001 9.778; <.001
PIGD score 1.093; .337 29.961; <.001 5.761; <.001
Autonomic testing
MDS-UPDRS Part | 4.429; .013 50.236; <.001 14.973; <.001
Neuro/behaviour
Geriatric Depression Scale 2.098; 125 1.099; .359 1.695; .077
State-Trait Anxiety Inventory 0.772; .463 2.043; .070 1.962; .034
Quest. for Impulsive-Compulsive Dis. 1.560: 212 6.864; <.001 2.345; .001
Cognitive testing
Hopkins Verbal Learning Test 1.676; .189 6.723; <.001 3.662; <.001
Benton Judgment of Line Orientation 2.789; .064 8.091; <.001 2.608; .004
Letter Number Sequencing 0.249; .780 5.068; <.001 1.783; .059
Modified Schwab and England ADL 0.880; .416 60.953; <.001 10.120; <.001
Sleep disorders
Epworth Sleepiness Scale 5.499; .005 21.490; <.001 6.943; <.001
REM Sleep Disorder 4.084; .018 12.205; <.001 2.367; .009

Notation: F-values; p-values (uncorrected). Non-significant cells are shaded.

a) MDS-UPDRS Part Il corr.
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10 —A— group 2
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Figure 5: Development of the motor scores for the three groups. The higher the scores the worse the motor symptoms.
Error bars denote SEM.
* at least two groups differ sign., ** all three groups differ sign. (only corrected for multiple comparisons within each score).
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Figure 6: Development of the autonomy (a) and neuropsychological tests (b-d) for the three groups. Error bars denote SEM.
* at least two groups differ sign. (only corrected for multiple comparisons within each score).
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Figure 7: Development of the cognitive scores for the three groups. The higher the scores the better the cognitive abilities.
Error bars denote SEM.
* at least two groups differ sign. (only corrected for multiple comparisons within each score).
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a) Epworth Sleepiness Scale
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Figure 8: Development of sleep disorders for the three groups. The higher the scores the worse the sleep problems.
Error bars denote SEM.
* at least two groups differ sign., ** all three groups differ sign. (only corrected for multiple comparisons within each score).

In summary, we identified three PD subtypes and can
describe them in different domains. Subtype 1 (motor-
dominant) is characterized by severe decrease in all
motor domains and the ability to perform activities of
daily life. These core symptoms are accompanied by mild
decrease in verbal working memory and mild increase in
sleep problems. Subtype 2 (sleep-dominant non-tremor)
is characterized by severe increase in sleep problems
and a shift in loss of motor function from tremor dominant
to other motor symptoms. In this subtype, we also see
severe decrease in daily autonomy. The core symptoms
are accompanied by mild decrease in verbal working
memory. Subtype 3 (mild-motor) experiences the least
increase in symptoms with mild increase in loss of motor
function and in impairments in the ability to perform
activities of daily life.

Biomarker exploration

For the 89 biospecimens analyzed, only 11 ANOVAs had
a probability of error p<.05 but none of them survived
the correction for multiple comparisons (Table 5).

Table 5: Group statistics for the ANOVAs on the biospecimens.
Only tests with p<.05 (uncorrected) are included.

Discussion

This study stratified de-novo PD patients based on the
progression of 14 disease markers in the motor, neuro-
psychological, cognitive, and sleep disorder domain over
a five-year period. We found three subtypes of PD patients
that differ in the course of loss of function. We termed
the first subtype motor-dominant since the core charac-
teristics were a steep increase in all motor symptoms,
accompanied by a loss of daily life autonomy. The second
subtype was termed sleep-dominant non-tremor since
the core characteristics were a severe increase in sleep
problems and a shift in loss of motor function from tremor
dominant to other motor symptoms, also accompanied
by loss of daily life autonomy. The third subtype, mild-
motor, is characterized by only mild increase in loss of
motor function accompanied by moderate loss in daily
life autonomy.

Most markers in our study cannot differentiate between
the subtypes in general or at baseline but the differences
emerge over the five-year period: for nine out of 14 scores
we did not find main effects of group but for eleven out
of 14 we found interactions between group and time, and
only three out of 14 scores differentiate between subtypes
at baseline. This suggests that the subtypes genuinely
reflect different courses of the disease. Additionally, the
patients in the groups do not differ by most demographic
variables, especially not by age or disease duration at
baseline. Thus, it is unlikely that the differences in our
subtypes stem from patients being in different disease
stages. The distribution of gender, however, was uneven
for the three subgroups. Men were, relative to the gender-
ratio in the sample, over-represented in the motor-dom-
inant subtype and under-represented in the mild-motor
subtype. Studies have previously found gender-differences
in symptom severity but there is no clear picture yet [44].
Most common in clinical practice is subtyping PD into
Tremor Dominance (TD) and Postural Instability/Gait
Difficulty (PIGD) [33], characteristics easily quantified by
the respective scores calculated from items of the MDS-
UPDRS Parts Il and lll. However, recent studies question
the classification power of this approach, as there is a

| F | o | p

Cerebrospinal fluid

C18 GlcCer 3.600 2,197 .029
NDNA B2M CN 3.360 2,158 .037
Plasma

C16 SM 4.473 2,202 .013
C20 GL2 3.118 2,202 .046
C20 SM 3.836 2,178 .023
C22 GL2 5.492 2,202 .005
C22 SM 4.251 2,197 .016
Total SM 5.003 2,202 .008
RNA

ALDH1A1 (rep 1) 3.266 2,170 .041
SNCA-3UTR-1 5.726 2,119 .004
SNCA-3UTR-2 5.397 2,119 .006
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high between group fluctuation and most subjects initially
classified as PIGD tend to switch to TD with progressing
disease course, suggesting PIGD and TD may be different
disease stages rather than subtypes with distinct disease
courses [25], [26]. Regarding the subtypes of this study,
we find some discriminative power in those two scores
but they do not set themselves apart from the other as-
sessment scores used. Early data-driven clustering stud-
ies focussed mainly on the motor symptoms and also
identified subtypes characterized as tremor-dominant vs.
non-tremor dominant [45], [46] but the more commonly
division was characterized as “old age at onset/rapid
disease progression” vs. “young age at onset/slow dis-
ease progression” [19].

While our subtypes are also characterized by different
rates of overall progression, we do not find a difference
for the age at onset.

More recent clustering approaches included a variety of
non-motor assessments and agree on a “mild” [20], [21],
“mild-motor predominant” [17] or “mainly motor/slow
progression” [18] subtype comparable to the mild-motor
subtype of this study. The studies following up on the
assessments in their subtypes found the slowest progres-
sion of symptoms in this subtype [17], [18], which is in
line with the progression in the present study. The other
extreme, the motor-dominant subtype with fast progres-
sion, has been identified in other studies as well as
“severe” [20] or “diffuse/malignant” [17], [18] subtype
with the fastest progression. The “intermediate” subtype
[17], [18] is the most diverse amongst studies with a
differentiation between “motor-dominant” vs. “non-motor
dominant” [20] or some motor symptoms paired with
different non-motor symptoms [21]. In the present study,
the most prominent feature of this group is the continued
low tremor dominance paired with a steep increase in
sleep symptom, hence the term sleep-dominant non-
tremor. Even though there are some similarities between
the subtypes identified in previous studies and the ones
from this study, it is important to keep in mind that the
subtypes from this study are based on the progression
over a five-year period while the other studies derive the
subtypes from baseline data. It would be especially inter-
esting to see how well the subtypes agree to the ones
found by the studies based on the same patient popula-
tion [17], [21].

Lack of reproducibility [23], [24] and stability over time
[25], [26], [27], [28], [29] questioned the existence of
reliable subtypes in PD [24], [26]. We addressed some
of the problems that were identified as possible culprits
for the heterogeneity in subtyping approaches [24].
Clustering on global composite scores [17], [42] considers
the one-dimensional scale of severity but disregards dis-
tinctive developments in different domains. Therefore,
we used sub-scores in different domains. Analysing only
a snapshot of measures [20], [21], the difference
between two time-points [17], [18], or using longitudinal
data without preserving the temporal structure [22] neg-
lects the complexity of the time course the disease can
take. We covered a period of five years with six measures

and describe the progression with the coefficients of
polynomial regression models, therewith preserving the
temporal structure in the data. Because commonly used
missing value imputation [17], [18], [42] can negatively
affect clustering outcomes we discarded patients with
missing values. Furthermore, the pre-processing steps
used and the choice of clustering algorithm add to the
heterogeneity. We evaluated our cluster assignment
against slightly different approaches. The assignment is
rather robust against some pre-processing steps such as
selecting the 14 slopes from the linear regression vs.
using the 14 first components from a PCA on all linear
coefficients. It is also rather robust against the choice of
clustering algorithm, namely k-means vs. hierarchical
clustering. There are altogether 22% of patients that shift
between groups when using another clustering algorithm,
the largest group (8%) is assigned to group 3 from
k-means and to group 2 from hierarchical clustering. The
overall pattern of assessments for the groups, however,
remains rather stable. With these evaluations, we suc-
cessfully replicated our results by using different methods.
However, the plethora of methods for clustering and data
pre-processing for clustering is vast. In this study, we have
combined a couple of commonly used methods to explore
the stability of the models that are based on our novel
features that characterize disease progression. However,
we can by no means claim to have exhaustively explored
their capabilities. One important limitation of our study
is the inclusion of only about half the patients enrolled
in the PPMI study and the selection of assessments used
for stratification. Our strict inclusion regimen not only
tremendously limited the number of patients but also
might have introduced a selection bias. The next import-
ant step is to validate our clusters on another, ideally
larger, dataset in order to ensure reproducibility and
stability of the subtypes we found. Furthermore, stratific-
ation approaches might benefit from inclusion of more
intermediate phenotypes of the disease such as metrics
of brain anatomy and function.

In order to clinically utilize the subtypes that we describe
for the prediction of disease progression or for personal-
ized treatment, it is necessary to predict the subtype for
a de novo patient. While most of the assessments we
used for clustering cannot separate the subtypes at
baseline, the motor assessment MDS-UPDRS Part Il corr.
differentiates between the motor-dominant and sleep-
dominant non-tremor subtypes at baseline, the autonomy
assessment MDS-UPDRS Part | differentiates between
the motor-dominant and the mild-motor subtypes at
baseline, and the Geriatric Depression Scale sets the
sleep-dominant non-tremor subtype apart from the motor-
dominant and the mild-motor subtypes at baseline. A
combination of these assessments might therefore be
used as an early indicator for subtyping since the majority
of patients used in this study were diagnosed with PD for
less than a year when they entered the study. However,
the subtypes cannot be distinguished by genetic markers,
at least not by mutations in the genes that are most
commonly associated with PD: LRRK2, MAPT, SNCA, or
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GBA. This is in line with previous studies showing that
clinical symptoms do not differ between patients with
and without LKKR2 mutations [47], that variants of MAPT
and SNCA mutations are not associated with performance
in cognitive tests [48], and that patients with GBA muta-
tions do not show neuropathological differences from
patients without this mutation [49]. Therefore, we tried
to address this issue with exploratory analyses of biospe-
cimens from cerebrospinal fluid, RNA, plasma, serum,
urine, and whole blood taken at baseline. However, these
markers cannot stratify the patients into the subtypes
either, at least not with the conservative approach used
in this study. Some of these markers, however, show
promise and should be investigated further. The RNA
markers SNCA-3UTS-1 and -2 were amongst those biospe-
cimens as well as the plasma markers C22 GL2 and total
SM. Furthermore, other genetic and physiological markers
such as LB concentration and brain atrophy should be
investigated to shed light on the physiological underpin-
nings of the subtypes and can hopefully one day be used
as biomarker for prediction of disease progression or
personalized treatment.

Conclusion

The current study set out to evaluate the approach of
clustering PD patients based on longitudinal clinical as-
sessments in different domains for finding stable PD
subtypes. The results reveal three subtypes differing in
the five-year progression of their symptoms in various
motor and non-motor domains. The subtypes are robust
against some methodological variations and demonstrate
stability over time. Our results demonstrate that this ap-
proach shows promise and should be pursued further.
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