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Abstract
Rapid eye movement sleep behavior disorder (RBD) is often prodromal to
Parkinson’s disease (PD). Thus there should be detectable in vivo functional
signatures shared between RBD and PD that aid in disease classification. To assess
common in-vivo phenotypes, resting state data was collected on a 3T clinical MRI
platform and a novel functional connectivity magnetic resonance imaging (fcMRI)
approach, which combined independent component analysis (ICA) and graph
theory, was used to evaluate deficits in interconnectivity among 15 PD, 14 RBD and
13 control participants. Whole brain and network-level analyses revealed the
largest deficits in network connectivity in PD compared with controls, with less
severe differences between RBD and controls. Importantly, the network-level
analysis demonstrated decreased network interconnectivity, with the greatest
aberrant networks in PD, and a subset in RBD. Additionally, a disease classification
algorithm predicted PD cases by being trained on RBD cases with 0.87 sensitivity
and 0.68 specificity. The functional alterations in cortical networks in RBD extended
beyond the brainstem. These findings demonstrate progressive reductions in
connectivity between brain networks, with less severe deficits in RBD than PD.
Moreover, RBD phenotypes can be used to predict PD status in a cross-sectional
sample, which suggests RBD is an intermediate phenotype.
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Introduction

Parkinson’s disease (PD) is a neurodegenerative disorder characterized by
progressive  deposition of abnormal alpha-synuclein aggregates (i.e,
synucleinopathy) that affects 1% of the population over the age of 60 years (Samii,
Nutt, & Ransom, 2004). Several lines of evidence suggest that PD initially affects
structures that relate to non-motor features such as the olfactory bulb: hyposmia,
enteric plexus: constipation, and pons: rapid eye movement behavior disorder
(RBD). Subsequently, the substantia nigra is affected which leads to the classic
motor features, followed by cortical pathology resulting in cognitive decline (Borek,
Amick, & Friedman, 2006; Braak, Ghebremedhin, Rub, Bratzke, & Del Tredici, 2004;
Luk et al, 2013). RBD, a disorder of dream enactment, is often the heralding clinical
feature of PD. Under non-pathological conditions, REM sleep is characterized by
active mentation combined with skeletal muscle paralysis. In RBD, REM atonia is
lost and patients will act out their dreams, often violently with thrashing, punching,
and kicking. Previous studies have demonstrated that approximately 50% of
individuals with RBD convert to PD or another synucleinopathy within a decade of
diagnosis (Iranzo, Santamaria, & Tolosa, 2009; Postuma, Aarsland, et al, 2012;
Schenck, Boeve, & Mahowald, 2013). Further, RBD combined with other non-motor
features, such as anosmia and/or constipation, increase the risk of early conversion
(Bezard & Fernagut, 2014).

Structural magnetic resonance techniques such as diffusion tensor imaging
(DTI) have identified abnormalities in PD (Cho et al., 2010; Vaillancourt et al., 2009)

as well as in RBD (Hanyu et al, 2012; Unger et al, 2010). While, resting state
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functional MRI has also demonstrated functional connectivity abnormalities in PD,
for instance in the default mode network (van Eimeren, Monchi, Ballanger, &
Strafella, 2009), fcMRI techniques are just now being applied to RBD (Ellmore et al,,
2013) and have not been applied to comparisons of the two disorders. Dopamine-
dependent differences in functional connectivity between the basal ganglia and
cortex have also been found in PD (Williams et al., 2002; Yu, Liu, Wang, Chen, & Liu,
2013), and similar differences have also been reported for associations between
several other brain regions, particularly cortical regions related to motor
functioning (Sharman et al,, 2012; Wu et al,, 2011). It has been shown that these
imaging phenotypes can predate the onset of impairments such as recognition
memory deficits and, hence, imaging methods are being developed for in vivo
classification of PD (Ibarretxe-bilbao et al, 2011; Long et al., 2012; Morales et al,,
2012; Prodoehl et al., 2013).

As RBD is a prodromal syndrome of PD, we sought to evaluate alterations in
connectivity among participants with RBD compared to PD as well as controls.
Additionally, we sought to utilize ICA and graph theory as the means of capturing
the functional networks and assessing their interconnectivity. ICA has been utilized
as a powerful data-driven tool for deriving intrinsic connectivity networks (ICNs)
from functional data, and graph theory has recently been used to describe the
complex interactions between brain regions (Smith, 2012). Hence, the combination
of these methodologies allows for the examination of the morphology and
connectivity of the ICNs underlying the common phenotypes in PD and RBD, and

could help establish RBD as an intermediate phenotype of PD. Finally, we were
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interested in whether the connectivity profile present in RBD could be used as an in
vivo clinical classifier of disease state, as this provides a potential means for
developing a tool for the early identification of PD in pre-motor or presymptomatic

individuals.
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Materials and Methods

Participants

Fifteen individuals with PD, 14 individuals with idiopathic RBD and 13
controls (16 females, 26 males, mean age 60.0 + 11.5) were included in this analysis
from a larger sample recruited for a 123[-loflupane (DaTSCAN) study to evaluate
individuals with PD and those at risk for developing PD. The Institutional Review
Board of the University of Minnesota approved all protocols and all participants
gave informed consent before participating in the study. All participant information
was de-identified at the beginning of the study and all participants were pre-
screened using exclusionary criteria for both PD and idiopathic RBD.

All participants were initially assessed using the Unified PD Rating Scale
(UPDRS)-based criteria (Poewe, Rascol, Sampaio, Stebbins, & Goetz, 2003). In
addition, the enrolled PD patients all met the research diagnostic criteria
established by the Queen Square Brain Bank (Brooks, 2012; Massano & Bhatia,
2012). All PD patients were medicated at the time of the study and did not have
notable sleep disturbances. All RBD patients were diagnosed with a clinical history
of dream enactment along with an in laboratory polysomnogram confirming REM
sleep without atonia (AASM, 2001). RBD patients were excluded if the onset of
dream enactment coincided with use of serotonergic antidepressant medication.
Additionally, participants were excluded if they presented with a clinically
significant acute or unstable physical or psychological disease on screening or in
their history. In addition, exposure to investigational or radiological drugs within

the 4 weeks prior to the scan was included as another exclusionary criteria. Control
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subjects who were enrolled did not have a first degree relative with PD and were

without a significant central nervous system neurological condition.

MR Acquisition and Imaging Parameters

A resting-state functional scan, a field map and high resolution T1 weighted
anatomical images were acquired on a 3T Siemens TIM Trio MRI scanner using the
system standard 12-channel receive-only head coil. For the resting state BOLD fMRI
acquisition (EPI; TR=2000ms, TE=30ms, voxel size=3.4x3.4x4mm, matrix
size=64x64, 34 AC-PC aligned single oblique axial slices with interleaved slice
acquisition, 260 volumes, 9 min) the participants were instructed to close their eyes,
remain awake, and not think about anything in particular. A field map acquisition
(TR=300ms, TE=1.94/4.40ms, voxel and orientation matching fMRI scan, 1 min)
was acquired just after the resting state scan. A structural T1l-weighted image
(MPRAGE, TR=2530ms, TE=3.65ms, TI=1100ms, flip angle=7 degrees, voxel
size=1x1x1mm, 11 min) was collected and used for the anatomical registration of

the functional scans.

Image Data Preprocessing

All data were preprocessed and analyzed with the FMRIB FSL 4.1.9 software

(http://www.fmrib.ox.ac.uk/fsl). Preprocessing included the exclusion of the first 3

volumes to allow for magnetization stabilization, motion correction with the
MCFLIRT linear registration algorithm (Jenkinson, Bannister, Brady, & Smith, 2002),
BO unwarping, interleaved slice-timing correction, brain extraction using the BET

algorithm, spatial smoothing with a 5-mm full-width half-maximum Gaussian
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kernel, and high-pass temporal filtering. The images were registered to high-

resolution T1 anatomical images and the MNI 2Zmm brain image using FLIRT.

FMRI Image Data Analysis
Intrinsic Connectivity Network (ICN) Generation

Data-driven ICA components were derived from the EPI functional scans
using the FSL’s temporal concatenation independent component analysis (TICA)
software in the MELODIC ICA toolkit (Beckmann & Smith, 2004). This probabilistic
TICA algorithm was used to generate global spatial maps and timeseries from the
full matrix of voxel signals from scans from all participants. The MELODIC algorithm
was constrained to thirty (30) components, which allowed for the standardization
of the total number of components generated at the group and participant levels.
The resulting components were subjected to a permutation procedure, which
diminished any initial random value and participant-order effects (Wisner, Atluri,
Lim, & MacDonald III, 2013).

The global ICA-derived components were then visually inspected and
components that did not include neuronal signal, such as components with voxels
outside the brain in the ventricles, were removed (Beckmann, 2012). The remaining
components were identified as ICNs and were included in subsequent analyses.
These global ICNs were then used as templates for back-transformation of
individual-level spatial maps and timeseries with FSL’s dual spatio-temporal

regression software.

Signal Entropy, Connectivity Strength and Diversity
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The individual-level, back-transformed ICN timeseries were used as the basis
of the analysis of ICN time course entropy as well as all subsequent analyses.
Univariate entropy here is defined as the Shannon entropy (Shannon, 1948) and is
measured for each signal, i.e. within each ICN and then averaged across ICNs and
participants within each group. For the bivariate metrics, the mean score for the it
column of the connectivity matrix represents how well each node (ICN) is connected
to all other nodes in the graph and, hence, the strength of the graph in this analysis
is defined as the average strength across all ICNs. Similarly, the variance of the it
column of the connectivity matrix represents the variability in the strength of
connectivity for each ICN and, hence, the diversity is the average variability within

group (Lynall et al, 2010).

Interconnectivity Analyses

To examine how well each individual network is connected with all other
networks, we computed an individual-level cross-correlation. The individual-level
ICN timeseries underwent an exhaustive cross-correlation procedure in which each
ICN was correlated with every other ICN in order to produce correlation matrices.
The cross-correlation scores were averaged across all participants per ICN within
each group, and a statistical threshold based on the z-transformed overall ICN
correlation values and sample size was used to determine which of the ICNs
exhibited significant interconnectivity.

To determine mean interconnectivity differences across groups, ICN
timeseries were concatenated across participants within each group in order to

generate a group vector. In this group-level cross-correlation metric, these

Craig Moodie 9


http://dx.doi.org/10.20944/preprints201812.0210.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 December 2018 d0i:10.20944/preprints201812.0210.v1

concatenated timeseries vectors were then all correlated within groups, and these
scores were contrasted using a t-test. All group comparisons were done using a one-
tailed alpha (p < 0.05), which was then corrected for the comparison of the three
groups using a Bonferroni correction that yielded an adjusted “multivariate

significance” alpha (p < 0.017).

Random Forests Prediction of Disease State

A random forest machine learning algorithm was employed to determine the
accuracy of classification of group status between control, RBD and PD and, hence,
disease severity. The forests were populated by decision trees which were trained
to distinguish persons with RBD from controls using their scores for connectivity
strength and diversity. This forest was then used to predict PD status based on the
classes from the training data. Hence, the algorithm returned vectors of assignments
for both the PD and control connectivity profiles, in which control was “0” and PD
was “1”. After group status was predicted using the classification algorithm, the two
vectors of predicted and real scores were correlated. In addition, sensitivity and
specificity were calculated using the following formulas:

Sensitivity = true positives / true positives + false negatives

Specificity = true positives / true positives + false positives

In order to provide an unbiased classification, the matrix of scores for
controls was split into two test and train subgroups for the purposes of training and

testing the classification algorithm. However, since the control subgroups were
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smaller than the training (RBD) and testing (PD), these subgroups were intermixed
with another group of age matched controls, on which data had also been collected
at the University of Minnesota. Hence, there were 10 subjects in the control training
group, 14 subjects in the RBD training group, 10 subjects in the control testing
group and 15 subjects in the PD testing group. There were no significant differences
between the separate groups of controls in either demographics or connectivity

scores.

3D Brain Figure Generation
All brain images were generated using Mango (the Multi-image Analysis GUI)
viewer from the Research Imaging Institute of University of Texas Health Science

Center (http://ric.uthscsa.edu/mango/index.html). All ICN overlays from the global

ICA output were rendered on a 3D surface built off the MNI 152 T1 1-mm brain
template. This 3D rendering was then made translucent to reveal the subsurface
structures contained in each ICN. This was particularly important for sub-cortical

structures such as the basal ganglia network or subgenual OFC & ACC network.
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Results

The UPDRS scores for the three groups were as follows: PD = 24.20 + 9.24,
RBD = 8.53 + 5.82, control = 2.92 + 2.53. The multi-group ICA, which was performed
with data from all three groups, produced 22 common non-artifactual ICNs (Fig. 1).
Of these 22 ICNs, 7 contained areas related to motor functioning, including the
midbrain, cerebellum, primary motor cortex (M1) and corresponding
somatosensory areas, pre-motor and supplementary regions, as well as the
posterior parietal cortex. After all global maps were generated, these networks were
also back-transformed into individual-level space in order to capture possible
disease-relevant variance, which would be reflected as patient and control group
differences.

In the univariate whole brain analysis, no significant differences were found
in the entropy of the ICN timeseries when comparing the control and PD groups (t =
1.09, df = 25.78, p = 0.14, d= 0.41), the control and RBD groups (t = 0.45, df = 15.59,
p =0.67,d = 0.17), or RBD and PD groups (t = 0.94, df = 16.65, p = 0.18, d = 0.36)
(Fig. 2). In the bivariate analyses, a significant difference was observed in
connectivity strength between the control and PD groups (t = 3.23, df = 22.73, p =
0.002, d = 1.24), the difference between the control and RBD groups (t = 2.05, df =
21.059,p =0.027,d = 0.80) was near significance after Bonferroni correction, and a
weaker trend level difference was observed between the RBD and PD groups (t =
1.57, df = 26.88, p = 0.06, d = 0.58) (Fig. 3). For the diversity of connectivity, a
significant difference was again found between the control and PD group (t = 3.42,

df = 25.49, p = 0.001, d = 1.29). However, the comparisons of the control and RBD
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groups (t=1.91, df = 23.73, p = 0.03, d = 0.74) and the RBD and PD groups (t=1.77,
df = 26.77, p = 0.04, d = 0.65) were only at trend level after Bonferroni correction
(Fig. 4).

Given that previous relationships have been established between signal
entropy and the strength and diversity of connectivity (Bassett, Nelson, Mueller,
Camchong, & Lim, 2012), these relationships were assessed and it was observed
that there were indeed group differences in the scores for the Pearson correlation
between strength and entropy (Fig. 5) and the Pearson correlation between
diversity and entropy (Fig. 6). Significant group differences were observed for group
comparisons between controls and PD (t = 3.03, df = 25.2, p = 0.003), controls and
RBD (t=2.33,df = 20.5, p = 0.015), but not PD vs RBD (t = 0.12, df = 24.37, p = 0.45)
for the correlation between strength and entropy within group. For the t-tests of the
scores from the Pearson’s correlation of diversity and entropy per group, the
comparison of the scores for the control and PD groups (t = 3.1, df = 23.28, p =
0.002) showed a significant group difference, but the scores of the control and RBD
groups (t = 1.65, df = 18.55, p = 0.06) were not significantly different, neither were
those for PD vs RBD groups (t=0.73, df = 24.44, p-value = 0.24).

For the individual-level ICN cross-correlation, in the control group, 17 ICNs
passed the threshold. For RBD, 14 ICNs passed threshold and were a subset of the
17 ICNs found in the controls. Similarly, for the PD group, only 10 ICNs passed
threshold, which were again a subset of the 14 found in RBD group, and the larger

set in controls (Figure 7).
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For the group-level cross-correlation, the t-test of interconnectivity scores
showed that the control group had higher mean interconnectivity scores than both
the PD group (t = 4.16, df = 390.87, p = 0.00002) and RBD group (t = 2.00, df =
489.98, p = 0.023), but the comparison of the control and RBD groups only had
marginal multivariate significance (p <.017). In addition, it was observed that the
RBD group had a higher group-level cross-correlation score when compared to the
PD group (t=2.80,df = 547.09, p = 0.003), even after Bonferroni correction.

The random forest classifier that was trained on a subgroup of controls
versus RBD patients was tested on how well it could distinguish a separate group of
controls from PD patients. It returned a vector of group assignments for controls (0)
versus persons with Parkinson’s disease (Figure 1). It was found that there was a
correlation of r = 0.69 between the predicted and real scores, and the Parkinson’s

classification algorithm had a sensitivity of 0.87 and a specificity of 0.68.
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Discussion

The combined ICA - graph theory analyses of the connectivity profiles of the
PD, RBD and control groups is a novel analysis strategy that is unlike seed-based
approaches or typical ICA or graph theory analyses, in that it combines the data-
driven network depiction of ICA and the descriptive power of graph theory to
examine both global and network-level phenomena. Using this methodology, several
metrics showed that there were significant differences between the three groups.
Moreover, all the metrics revealed connectivity phenotypes in which the RBD group
was intermediate between the PD and control groups, with a nested decrease in
network interconnectivity going from controls to RBD to PD being the most striking
finding.

In the univariate analysis of network entropy, there were no significant
differences between the groups. However, this is not inconsistent with our previous
findings of no significant differences in entropy related to disease state between
persons with schizophrenia and controls (Bassett, Nelson, Mueller, Camchong, &
Lim, 2011). Bivariate connectivity strength was strongest for controls, and less so
for both the RBD and PD groups. Interestingly, while there was a significant
connectivity strength difference between the control and PD groups, the differences
between the control and PD group as well as PD and RBD groups were not
significant after multiple comparison correction. Of note, the RBD group strength
was in between that of the control and PD groups, thus suggesting an intermediate
phenotype. These findings are consistent with other investigations that have

demonstrated numerous subclinical abnormalities in cognitive functioning in
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persons who have not yet manifested PD (Fantini, Postuma, Montplaisir, & Ferini-
strambi, 2006; Postuma, Gagnon, & Montplaisir, 2012; Postuma, Aarsland, et al,
2012).

For the bivariate analysis of diversity of connectivity, it was again found that
diversity was highest for controls and lower for persons with both RBD and PD.
Again, there was a trend showing that RBD was intermediate between controls and
PD, but although the differences between the control and RBD as well as RBD and
PD groups showed a strong trend, this did not reach significance after multiple
comparison correction. In our previous analysis of connectivity diversity between
controls and persons with schizophrenia, it was found that the schizophrenia group
had significantly higher diversity than controls (Bassett et al, 2011), which
contrasts with our findings in PD. This suggests that the diversity of connectivity is
sensitive to different types of disease-related aberrations and, in schizophrenia,
neuronal disorganization results in cognitive and behavioral deficits, as well as
aberrant sensory and limbic processing, which is also reflected in an increase in
connectivity diversity. In the case of PD, it is known that synuclein pathology often
extends throughout the brain, which is then reflected in a decrease in connectivity
diversity. In addition, the decrease in diversity demonstrated in RBD cases as
compared to controls is consistent with the progressive deposition of alpha-
synuclein pathology in brainstem and cortical regions.

While there were no significant group differences for signal entropy, the
correlations between connectivity strength and signal entropy showed significant

differences when comparing the control group to both the PD and RBD groups.
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Similarly, there was a significant difference between the control and PD groups for
the correlation of entropy and diversity and this inverse association was again
strongest for controls and weakest for the PD cases. This means that higher
connectivity strength and diversity leads to lower signal entropy in a non-
pathological state and this relationship is diminished with increasing pathology.
Based upon this trend and our other connectivity findings we would suggest that the
lack of significant group differences in entropy is simply due to a lack of power.

In the interconnectivity analysis, it was observed that, of all the 22 functional
networks, 17 ICNs exhibited significant interconnectivity in the control group. Of
these 17 networks, a subset of 14 exhibited significant interconnectivity for the RBD
group, and an even smaller subset of 10 for the PD group. Hence, there was a nested
decrease in interconnectivity between the PD, RBD and control groups, respectively.
This observation was corroborated by the analysis of the canonical ICN timeseries
per group, in which it was found that the mean interconnectivity was highest for the
control group, significantly lower for the RBD group and, significantly lower still for
the PD group. This group nesting implies that there is a common set of ICNs that
generally have high interregional connectivity in healthy controls, but that some of
these ICNs have decreased connectivity when individuals present with RBD, and
that these same ICNs have deficient interconnectivity in the case of PD, in
combination with an additional set of ICNs. Hence, this suggests that there is a
common network-level deficit in both RBD and PD cases, but that this deficit is more

severe for PD.
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To test this assertion, a random forests classifier was trained on a sample of
RBD cases and controls and tested on its ability to identify PD cases. The high level
of sensitivity and specificity that was obtained by this machine learning algorithm
supports our findings that there is a sub-clinical state that is detectable in RBD and
that is also informative of PD. While the accuracy was not perfect, we believe that as
more information is gained about the in vivo states of both PD and its pre-clinical
syndromes such as RBD, we will have greater predictive power to use phenotypes
from the pre-clinical states to predict the onset of PD. However, the ultimate test
will be to predict disease onset in pre-clinical patients in a longitudinal design in
order to see how well these in vivo phenotypes can inform early detection models.

In conclusion, these findings demonstrate that there is a nested decrease in
interconnectivity across RBD and PD, with increasing network dysfunction evident
in a more advanced disease state (Ibarretxe-bilbao et al., 2011). Furthermore, we
used these fcMRI metrics to detect increasing dysfunction in brain networks, as we
used machine learning of the RBD connectivity profile to classify the PD connectivity
profile. This finding is supported by a study in which regional fluctuation and
synchronization differences between PD and controls allowed for blind separation
of the two groups with good accuracy, specificity and sensitivity (Long et al.,, 2012).
Hence, the interconnectivity phenotypes can serve as a possible biophysiological
marker of disease progression even prior to the onset of relevant clinical symptoms,

which make these metrics potentially useful in clinical trials.
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Figure Captions

Figure 1. 3D overlays of spatial maps from intrinsic connectivity networks (ICNs)
generated from the independent component analysis of fMRI data from the
Parkinson’s disease (PD), rapid eye movement sleep behavior disorder (RBD) and
control groups. Global spatial maps were derived and thresholded (z = 6) and

rendered in either axial or coronal orientations.

Figure 2. Box plot showing group differences in the intrinsic connectivity networks’
(ICN) timeseries entropy between the three groups. Entropy here is defined as the

Shannon entropy (see methods).

Figure 3. Box plot showing group differences in connectivity strength between the
three groups. Significance thresholds were established using one-tailed t-tests and

corrected for multiple comparisons (p < 0.017).

Figure 4. Box plot showing group differences in connectivity diversity between the
three groups. Significance thresholds were established using one-tailed t-tests and

corrected for multiple comparisons (p < 0.017).

Figure 5. Box plot showing group differences in the Pearson correlations of
connectivity strength and intrinsic connectivity network (ICN) timeseries entropy
between the three groups. Significance thresholds were established using one-tailed

t-tests and corrected for multiple comparisons (p < 0.017).
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Figure 6. Box plot showing group differences in the Pearson correlations of
connectivity diversity and intrinsic connectivity network (ICN) timeseries entropy
between the three groups. Significance thresholds were established using one-tailed

t-tests and corrected for multiple comparisons (p < 0.017).

Figure 7. 3D rendering of intrinsic connectivity networks (ICNs) exhibiting
significant interconnectivity within the three groups. The set of 17 ICNs shown in
the figure all showed significant interconnectivity in the control group, as depicted
by the yellow bars. A subset, comprised of 14 of these ICNs, had significant
interconnectivity in the RBD group and is labeled using the green bars. A smaller
subset (10 ICNs) also exhibited significant interconnectivity in the PD group, as

shown by the orange bars.

Figure 8. Bar graph depiction of the results from a random forests prediction of
Parkinson’s disease cases based on connectivity phenotypes from RBD. Decision
trees were trained to identify RBD and control cases using their respective
connectivity strength and diversity profiles and then tested for their ability to
distinguish a separate set of controls from PD patients. The number of predicted
cases is plotted on the y-axis and the groups (control = “0”, PD = “1”) are on the x-

axis.
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Figures

Figure 1. ICA-derived ICNs used in graph theory analyses

ICA-DERIVED ICNS USED IN GRAPH THEORY ANALYSIS
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Figure 2. Univariate Entropy

Craig Moodie 26


http://dx.doi.org/10.20944/preprints201812.0210.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 December 2018 d0i:10.20944/preprints201812.0210.v1

Figure 3. Bivariate Strength

Figure 4. Bivariate Diversity
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Figure 5. Pearson’s Correlation between Strength and Entropy

Figure 6. Pearson’s Correlation between Diversity and Entropy
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Figure 7. ICNs exhibiting significant interconnectivity

ICNS EXHIBITING SIGNIFICANT INTERCONNECTIVITY
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Figure 8. Classification of PD subjects using random forests trained on RBD cases

Random Forests using RBD vs Controls to predict PD vs Controls
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