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Sequence of clinical and neurodegeneration
events in Parkinson’s disease progression
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Dementia is one of the most debilitating aspects of Parkinson’s disease. There are no validated biomarkers that can track
Parkinson’s disease progression, nor accurately identify patients who will develop dementia and when. Understanding the sequence
of observable changes in Parkinson’s disease in people at elevated risk for developing dementia could provide an integrated bio-
marker for identifying and managing individuals who will develop Parkinson’s dementia. We aimed to estimate the sequence of
clinical and neurodegeneration events, and variability in this sequence, using data-driven statistical modelling in two separate
Parkinson’s cohorts, focusing on patients at elevated risk for dementia due to their age at symptom onset. We updated a novel ver-
sion of an event-based model that has only recently been extended to cope naturally with clinical data, enabling its application in
Parkinson’s disease for the first time. The observational cohorts included healthy control subjects and patients with Parkinson’s dis-
ease, of whom those diagnosed at age 65 or older were classified as having high risk of dementia. The model estimates that
Parkinson’s progression in patients at elevated risk for dementia starts with classic prodromal features of Parkinson’s disease (olfac-
tion, sleep), followed by early deficits in visual cognition and increased brain iron content, followed later by a less certain ordering
of neurodegeneration in the substantia nigra and cortex, neuropsychological cognitive deficits, retinal thinning in dopamine layers,
and further deficits in visual cognition. Importantly, we also characterize variation in the sequence. We found consistent, cross-vali-
dated results within cohorts, and agreement between cohorts on the subset of features available in both cohorts. Our sequencing
results add powerful support to the increasing body of evidence suggesting that visual processing specifically is affected early in
patients with Parkinson’s disease at elevated risk of dementia. This opens a route to earlier and more precise detection, as well as a
more detailed understanding of the pathological mechanisms underpinning Parkinson’s dementia.
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Introduction

Dementia is one of the most debilitating aspects of
Parkinson’s disease, with important social and economic
implications (Spottke ef al., 2005; Leroi et al., 2012). It
affects half of all patients within 10 years of diagnosis but
with high variability in the timing of onset (Williams-Gray
et al, 2013). There are no validated biomarkers of
Parkinson’s disease progression, and the particular sequence
and evolution of Parkinson’s disease pathology and cognitive
decline remain unclear. Knowing the precise sequence of
events in Parkinson’s disease progression will be critical for:
(i) reducing heterogeneity in clinical trials; (ii) monitoring
treatment outcomes as new therapeutic interventions are
developed; and (iii) providing important insights into the
mechanistic underpinnings of degeneration in Parkinson’s
disease. Therefore, a key challenge is to construct quantita-
tive models of pathological and cognitive decline in
Parkinson’s disease progression using real-world patient
data such as neuroimaging and clinical measures.

Pathological changes underlying the development of de-
mentia in Parkinson’s disease relate to accumulation of
a-synuclein (Spillantini et al., 1997), as well as amyloid-f,
and tau (Irwin et al., 2017) with a synergistic relationship
seen between these proteins (Compta et al., 2011; Swirski
et al., 2014). However, it is challenging to detect these proc-
esses in patients living with the disease. There is no radio-lig-
and that directly binds a-synuclein. Even compounds that
directly bind to amyloid, such as Pittsburgh compound B,
have low specificity for predicting dementia in Parkinson’s
disease (Gomperts et al., 2012). The utility of tau-binding
ligands has been studied longitudinally in Alzheimer’s dis-
ease research (Jack Jr et al., 2018), but they are yet to be
tested in Parkinson’s disease, and may be similarly afflicted
by low specificity. More generally, molecular neuroimaging
markers are costly and not widely available.

Conventional neuroimaging features that measure tissue
loss caused by neuronal death, such as cortical thickness, are
less likely to be sensitive to early stages of Parkinson’s de-
mentia (Hattori et al., 2012). More advanced techniques
have begun to show potential to identify tissue changes
related to neurodegeneration (Lanskey et al, 2018). Of
these, quantitative susceptibility mapping (QSM) is particu-
larly promising as it relates to accumulation of brain tissue
iron, which is strongly linked with neurodegeneration (Ward
et al., 2014; Ndayisaba et al., 2019), co-localizes with amyl-
oid and tau (Ayton et al., 2017), and correlates with cogni-
tive change in Parkinson’s disease (Thomas et al., 2020).

Neuropsychological tests across cognitive domains are
used to map cognitive decline in Parkinson’s disease. Tests

of verbal fluency and visuospatial function seem to be early
indicators of an individual’s risk of developing dementia
(Williams-Gray et al., 2013), and visual processing regions
are affected early in patients who develop cognitive impair-
ment (Weil et al., 2016). Indeed, multiple lines of evidence
support the importance of visual processing regions in
Parkinson’s dementia and cognitive decline. These include
accumulation of post-mortem pathology (Toledo et al.,
2016), deficits in colour vision (Anang et al., 2014), and our
own studies highlighting deficits in quantitative higher-order
visual measures (Weil et al, 2019) and retinal thinning
(Leyland et al., 2020).

How these clinical and neuroimaging measures of decline
fit into a sequential model of progression to Parkinson’s de-
mentia is not yet known. A particular challenge is the ab-
sence of any objective pathological biomarkers that track
Parkinson’s disease progression in patients at elevated risk of
dementia—unlike Alzheimer’s disease, for example, where
neuroimaging and CSF biomarkers are now included in
diagnostic criteria (Dubois et al., 2014). Disease duration
(time since diagnosis), which can be useful as a measure of
disease progression in other degenerative diseases such as
Alzheimer’s disease, is particularly ineffective in Parkinson’s
dementia (Prange et al., 2019). Duration is often negatively
related to disease progression as patients with an older age
at diagnosis frequently progress more rapidly to dementia
while having a shorter duration of disease (Marinus et al.,
2018; Prange et al., 2019). Another approach to consider in
modelling progression to Parkinson’s dementia is regressing
measures of interest against a clinical cognitive variable such
as the Montreal Cognitive Assessment (MoCA) (Nasreddine
et al., 2005). However, this clinical measure is confounded
by practice/learning effects (in general) and by ceiling/floor
effects at early/late stages of cognitive involvement. Data-
driven approaches that jointly estimate disease progression
and the unknown (latent) disease stage are an emerging ap-
proach (Iddi et al., 2018; Li et al., 2019). In the work of
Iddi and colleagues (2018) this approach was applied to esti-
mate disease progression in a general Parkinson’s population
using mostly clinical features.

A data-driven understanding of Parkinson’s disease pro-
gression in patients at elevated risk of dementia will enable
robust identification of at-risk patients before dementia has
taken hold. Currently the state of the art in Parkinson’s de-
mentia risk determination are clinico-genetic algorithms (Liu
et al., 2017; Schrag et al., 2017). These calculate an individ-
ual’s risk of cognitive decline by combining demographic,
clinical, motor, and cognitive scores, as well as genetic and
biomarker results. Across all studies, higher age at onset is
consistently and significantly seen as the strongest risk factor

1202 19qWIBAON g U0 3sanB Aq 0068Z L 9/SL6/E/7 1 L /oI0IE/UIRIG/WOD dNO"dlWapEdE.//:SA)Y WOy papeojuMOQ



Modelling Parkinson’s progression

for dementia in Parkinson’s disease (Hietanen and
Teraviinen, 1988; Jankovic ef al., 1990; Biggins et al., 1992;
Aarsland et al, 2001, 2007; Akinyemi et al., 2008;
Williams-Gray et al., 2013; Liu et al., 2017).

Here we used novel event-based disease progression mod-
elling to investigate Parkinson’s disease progression, enrich-
ing for those at higher risk of dementia using older age at
onset. The event-based model (Fonteijn et al., 2012; Young
et al., 2014) is a generative statistical model of disease pro-
gression that learns the ordering (and uncertainty in this
ordering) of observable abnormalities from a cross-sectional
dataset, without the need for a priori-defined disease stages
or normal/abnormal cut-points—making it particularly suit-
able, in principle, for Parkinson’s disease where such disease
stages do not exist in a meaningful way. A recent develop-
ment uses kernel density estimation (Firth ef al, 2020) to
allow the approach to cope naturally with the ceiling and
floor effects seen in clinical data, enabling the extension to
Parkinson’s disease for the first time. The model learns
directly from biomarker data, where we use the term
‘biomarker’ to include any observable dynamic measure that
potentially contains disease information, e.g. clinical/cogni-
tive tests, brain imaging, etc. Previous versions of the
event-based model have been used widely in recent years to
construct data-driven models of disease progression in spor-
adic Alzheimer’s disease (Young et al., 2014; Oxtoby et al.,
2017), familial Alzheimer’s disease (Fonteijn et al., 2012;
Oxtoby et al., 2018), Huntington’s disease (Fonteijn et al.,
2012; Wijeratne et al., 2018), and others (Eshaghi et al.,
2018; Firth et al., 2018). We update the method of Firth
et al. (2020) and apply it to the complex and heterogeneous
problem of Parkinson’s disease progression.

Materials and methods

Participants

We analysed baseline visit data from two separate cohorts. We
refer to our local cohort as the discovery cohort, which is from
the Vision In Parkinson’s Disease study (Leyland ez al., 2020).
The second cohort is from the Parkinson’s Progression Marker’s
Initiative (PPMI) (Marek et al., 2011). See Table 1 for demo-
graphics and statistical comparisons and Supplementary mater-
ial for additional details.

Our discovery cohort included data from 107 patients with
Parkinson’s disease (disease duration 4.1 + 2.5 years) who were
recruited to our UK centre, 37 of whom were diagnosed at age
65 or later, plus 34 healthy control subjects. Throughout we
will refer to Parkinson’s patients with age at onset >65 as
PDD-HR (Parkinson’s Disease Dementia—High Risk), and other
patients as PDD-LR (Parkinson’s Disease Dementia—Low Risk).
This cohort has been described previously (Leyland et al.,
2020). Inclusion criteria were early stage Parkinson’s disease
(UK Parkinson’s Disease Society Brain Bank diagnostic criteria)
(Gibb and Lees, 1989), within 10 years of diagnosis, aged 49—
80 years. Exclusion criteria were confounding neurological or
psychiatric disorders (four excluded), a diagnosis of dementia or
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Mini-Mental State Examination (MMSE) score <25 (two
excluded) (Liu et al., 2017), or ophthalmic disease sufficient to
impair visual acuity (three excluded) (Leyland et al., 2020).
Data from 34 unaffected age-matched control subjects, recruited
from unaffected spouses and university databases, were also
included. All participants gave written informed consent and the
study was approved by the Queen Square Research Ethics
Committee.

We downloaded PPMI data in April 2020 from the
Laboratory Of Neurolmaging portal accessed via the PPMI
website (http://www.ppmi-info.org/). PPMI is an observation-
al multicentre study involving over 400 newly diagnosed
drug-naive patients (451 downloaded) and ~200 healthy con-
trols (196 downloaded), plus a small number of possible pro-
dromal individuals [hyposmia or rapid eye movement (REM)
sleep behaviour disorder (RBD)], and patients having a PET/
SPECT scan without evidence of dopaminergic deficiency
(SWEDD), all with standardized clinical, cognitive and neuro-
imaging assessments. Inclusion criteria for our study was
PPMI participants having complete baseline data in the meas-
ures of interest (described below) with known disease dur-
ation (7 = 46 excluded). Prodromal and SWEDD groups were
omitted from model fitting, and controls with RBD were
excluded [REM Sleep Behaviour Disorder Screening
Questionnaire (RBDSQ) >3] (Stiasny-Kolster et al., 2007).
Participants from the PPMI dataset each provided written
informed consent at their participating site for their data to
be collected and shared for this initiative. Our discovery co-
hort included a richer set of measures than the PPMI cohort.
Our comparison experiments included only those clinical and
neuroimaging measures available in both cohorts.

Clinical and neuropsychological
evaluation

Symptom severity was assessed using the Movement Disorders
Society Unified Parkinson’s Disease Rating Scale (UPDRS)
(Movement Disorder Society Task Force on Rating Scales for
Parkinson’s Disease, 2003). Participants were tested on their
usual medications and levodopa equivalent daily dose (LEDD)
was calculated (Tomlinson et al., 2010). Cognition was tested
using the MoCA. Olfaction was assessed using Sniffin’ sticks
(Hummel et al, 1997) in the discovery cohort, and the
University of Pennsylvania Smell Identification Test (UPSIT) in
the PPMI cohort. Participants also completed the Hospital
Anxiety and Depression Scale (HADS; Snaith, 2003), and
RBDSQ (Stiasny-Kolster et al., 2007). Control patients scoring
>5 were excluded (discovery cohort n=1; PPMI cohort
n = 34), as these could be considered REM sleep behaviour dis-
order cases rather than true unaffected controls (Stiasny-Kolster
et al., 2007). Cognitive assessment was in line with recent MDS
guidelines (Litvan et al., 2012) with two assessments per cogni-
tive domain, as described previously (Leyland et al, 2020)
(Table 1).

Assessments of visual function

Visual acuity was measured using a LOGMAR chart and con-
trast sensitivity was measured using a Pelli-Robson chart (SSV-
281-PC) (http://www.sussex-vision.co.uk). Colour vision was
assessed using the D15 test (Farnsworth, 1943) and error scores
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Controls PDD-LR PDD-HR U or y* (PDD-HR versus Controls) P
Discovery cohort (local study) n=33 n=64 n=36
Age, years 64.7 (9.0) 59.7 (5.1) 73.0 (4.0 266.5 <0.0001
Disease duration, years = 4.7 (2.6) 34 (2.1) = -
Age at onset PD - 55.5 (4.3) 70.1 (3.8) - -
UPDRS total 82 (5.2) 46.8 (24.0) 42.9 (18.1) 45 <0.0001
LEDD - 484 (284) 388 (201) - -
Gender, female/male 18/15 35/29 13/23 1.68 0.195
RBDSQ 1.7 (1.3) 4.2 (2.5) 42(2.4) 218 <0.0001
Smell test (Sniffin’ sticks) 12.2 (2.6) 8.1 (2.9) 6.8 (3.4) 133 <0.0001
Cognition (MoCA) 286 (1.3) 282 (1.7) 27.6 (2.2) 416.5 0.015
Category Fluency (animals) 22.1 (5.2) 22.0 (5.1) 20.2 (6.4) 459 0.053
Letter Fluency 16.8 (5.6) 16.5 (4.9) 16.3 (6.4) 553.5 0.315
External cohort (PPMI study) n=127 n =206 n=146
Age 60.0 (11.0) 55.6 (7.3) 70.9 (3.7) 3119 <0.0001
Disease duration, years - 0.53 (0.55) 0.65 (0.62) - -
Age at onset PD = 55.0 (7.3) 70.3 (3.7) = =
UPDRS total 1.8 (2.8) 26.0 (11.1) 30.2 (11.1) 36 <0.0001
Gender female/male 48/79 72/134 48/98 0.52 0.470
RBDSQ 1.9 (1.4) 3.9 (2.5) 4.2 (2.6) 4408 <0.001
Smell test (Sniffin’ sticks equivalent) 13.6 (1.7) 9.3 (34) 7.4 (3.6) 1208 <0.0001
Cognition (MoCA) 282 (I.1) 274 (2.2) 26.8 (2.2) 5409 <0.0001
Category Fluency (animals) 22.0(5.4) 21.8 (5.5) 19.5 (4.6) 6732 <0.0001
Letter Fluency 14.5 (4.3) 13.2 (4.9) 12.2 (4.4) 6194 <0.0001

Values are mean (SD), except where indicated otherwise. Each P-value shown is for a Mann-Whitney U-test (means) or y-test (proportions) of the null hypothesis that there is no
statistical difference between the PDD-HR and control samples. For comparison of olfactory performance, PPMI UPSIT scores were converted to Sniffin’ Sticks equivalent using an
equi-percentile method (Lawton et al., 2016). LEDD = Levodopa equivalent daily dose; PD = Parkinson’s disease; RBDSQ = REM Sleep Behaviour Disorder Screening
Questionnaire; UPDRS = Unified PD Rating Scale; UPSIT = University of Pennsylvania Smell Identification Test.

log transformed. Higher-order visuo-perception was measured
using two contrasting tasks, that each probe distinct aspects of
higher-order visuo-perception: the Cats-and-Dogs test that meas-
ures skew tolerance (Weil et al., 2017; Leyland et al., 2020) and
biological motion (Saygin, 2007). These tests were administered
at the start of each testing session using a counterbalanced de-
sign to control for order effects. Stimuli were generated within
MATLAB Psychophysics Toolbox 3 and implemented on a Dell
Latitude 3340, in a darkened room.

Ophthalmic assessments and retinal
structure

A comprehensive ophthalmic assessment was performed by a
consultant ophthalmologist (F.B.) and included slit-lamp exam-
ination and measurement of intra-ocular pressures.

Inner retinal layer structure was measured using high-reso-
lution spectral-domain optical coherence tomography (SD-OCT;
Heidelberg HRA/Spectralis v.6.8.1.0) (Nassif ez al., 2004) after
pharmacological mydriasis according to a standard protocol
(Archibald et al., 2011), as described previously (Leyland et al.,
2020). Automatic layer segmentation was applied to compute
the thickness of each retinal layer and manually corrected and
verified as previously described (Leyland et al., 2020). We
focused on the ganglion cell layer (GCL) and inner plexiform
layer (IPL) as these are the locations of dopaminergic amacrine
cells, with most evidence for thinning in Parkinson’s disease
(Chorostecki et al., 2015; Polo et al., 2016) and we have

previously shown an association between cognitive risk and
these layers in Parkinson’s disease (Leyland et al., 2020).

Genetic analysis

The dementia risk genes we considered were APOE4, MAPT
(H1/H1), and GBA. In our discovery cohort, blood samples
were collected, and DNA extracted from an EDTA sample. We
performed single nucleotide polymorphism (SNP) array geno-
typing using the NeuroChip array (Blauwendraat et al., 2017).
MAPT haplotypes were distinguished using the rs8070723 and
rs17649553 SNPs. Standard quality control procedures were
conducted to remove individuals with low overall genotyping
rates (<98%), related individuals, heterozygosity outliers [>2
standard deviations (SD) from the mean], and population out-
liers (> 6 SD from the mean of any of the first 10 genetic princi-
pal components after merging with European samples from the
HapMap reference panel). Variants were removed if they had a
low genotyping rate (<99%), Hardy-Weinberg equilibrium P-
value < 1 x 10~ and minor allele frequency < 1%. Following
quality control, genotypes were imputed on the Michigan
Imputation Server (https://imputationserver.sph.umich.edu) (Das
et al., 2016) to the Haplotype Reference Consortium panel
(r1.1).

For the external cohort we downloaded genetics spreadsheets
from the PPMI database. SNP genotyping of APOE from DNA
was performed using the TagMan™
‘Current_Biospecimen_Analysis_Results.csv’ in the PPMI data-
base. SNP genotyping for MAPT and GBA was performed

method, with results in
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using Illumina Immunchip and NeuroX arrays and analysed
using Genome Studio v1.9.4 and results in ‘PPMI_PD_
Variants_Genetic_Status_WGS_20180921.csv’ in the PPMI
database. As only seven patients carried GBA mutations in the
discovery cohort (n=2 T369M, n=3 E326K and n=2
N370S), these were excluded from the current analyses as GBA
carriers may have progression that differs in rate and/or se-
quence (and are likely to have a lower age at dementia onset)
but cannot be modelled with a sample of 7 = 7. For consistency
we also excluded GBA carriers in our PPMI analysis (n =10
controls, 7=39 PDD-LR, n=7 PDD-HR). After excluding
GBA carriers, included patients were tested for genetic variation
due to MAPT and APOE4 status in key features of Parkinson’s
disease progression (UPDRS-3 and MoCA) using a Mann-
Whitney U-test. The Supplementary material contains a detailed
analysis of genetics in both cohorts.

MRI acquisition and image analysis

In the discovery cohort, high-resolution anatomical T;-weighted
images [magnetization prepared rapid aquisition gradient echo
(MP-RAGE)] were acquired at 3 T on a Siemens Prism-fit MRI
system with a 64-channel head coil (repetition time = 2530 ms,
echo time = 3.34 ms, inversion time = 1100 ms, flip angle o0 =
7°, slices = 176, 1 x1 x 1 mm voxels, field of view =
256 x 256 mm). Susceptibility-weighted MRI images were
obtained from a 2 x T1-accelerated, 3D flow-compensated
spoiled-gradient-recalled echo sequence. Flip angle 12°; echo
time, 18 ms; repetition time, 25 ms; and receiver
bandwidth, 110 Hz/pixel. Matrix size was 204 x 224 x 160
with 1 x 1 x 1 mm> voxel resolution (scan time 5 min 41 s).
Multishell diffusion weighted imaging (DWI) was acquired
with the following parameters: b =50 s/mm? (17 directions),
b =300 s/mm” (eight directions), b=1000 s'mm> (64 direc-
tions), b = 2000 s/mm? (64 directions); 2 X 2 x 2 mm isotropic
voxels, echo time = 3260 ms, repetition time = 58 ms, 72 slices,
2 mm thickness, acceleration factor = 2.

Because of MRI safety requirements, five patients and one
control subject were unable to undergo MRI scanning. All
images were assessed visually for quality, including artefacts
such as motion and distortions. All T;-weighted scans were
bias-corrected via the FreeSurfer protocol (described in detail in
Collins et al., 1994; Dale et al., 1999; Fischl et al., 1999) with
parameters optimized for 3 T. Cortical reconstruction and volu-
metric segmentation of MRI scans for both cohorts was per-
formed using FreeSurfer-v6.0 software (http://surfer.nmr.mgh.
harvard.edu/) (Fischl et al., 1999; Fischl and Dale, 2000). This
involves skull stripping, volumetric labelling, intensity normal-
ization, grey/white matter segmentation and registration to
established surface atlases. Cortical thickness was calculated as
the closest distance from the grey—white matter boundary to the
grey matter—CSF boundary at each vertex.

Cortical reconstructions were visually inspected slice-by-slice
for segmentation errors. Subjects with any inaccuracies that
were considered severe enough to significantly affect cortical
thickness measures were excluded from the analyses: one con-
trol participant failed the reconstruction process and one con-
trol’s whole brain was removed from the analysis due to poor
segmentation. A further five patients with Parkinson’s disease
and three control subjects had the temporal lobe cortical thick-
ness measures excluded due to poor segmentation locally
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(treated as missing data), but all other brain regions were
included for these individuals.

Image acquisition in the PPMI cohort followed a very similar
3D T;-weighted 1.5 or 3 T MRI protocol to the local 3 T proto-
col described above: sagittal plane MP-RAGE or SPGR (spoiled
gradient) sequence (slices = 170-200, 1 x 1 x 1.2 mm voxels,
0 mm slice gap, field of view = 256 x 256 mm). Diffusion-
weighted images were acquired along 64 uniformly distributed
directions with a b-value = 1000 s/mm” and a single b=0
image (116 x 116 matrix, 2 mm isotropic resolution, repetition
time = 900 ms, echo time = 88 ms, 2-fold acceleration). All
other parameters followed site-dependent manufacturer recom-
mendations for the scanner used (GE/Siemens/Philips). Scans
were read by a radiologist at each site to meet standards of clin-
ical practice and ensure that there were no significant abnormal-
ities. Cortical thickness estimates were obtained as above using
FreeSurfer v6.0.0.

Quantitative susceptibility mapping reconstruction
QSM image reconstruction was performed as described in
Thomas et al. (2020). Phase preprocessing used the QSMbox
pipeline for single-echo, coil-combined data (https:/gitlab.com/
acostaj/QSMbox) (Acosta-Cabronero et al., 2018), with 3D
complex phase data unwrapped using a discrete Laplacian
method. Brain masks (required to separate local from back-
ground fields), were calculated from magnitude data using the
BET?2 algorithm in FSL v5.0. (https:/fsl.fmrib.ox.ac.uk). Phase
preprocessing was performed using Laplacian boundary value
extraction followed by variable spherical mean-value filtering.
We estimated susceptibility maps using multi-scale dipole inver-
sion (Acosta-Cabronero er al., 2018). Filtering during recon-
struction was performed using an 8 mm kernel. QSM spatial
normalization and regional extraction was performed using
QSMexplorer (https://gitlab.com/acostaj/QSMexplorer) (Acosta-
Cabronero et al., 2016). For template creation, radio-frequency
bias corrected MP-RAGE images were spatially normalized
using a previously optimized ANTs (http://stnava.github.io/
ANTSs) routine. Bias-corrected magnitude gradient echo images
were then affinely co-registered to their corresponding MP-
RAGE volume using ANTs. QSM spatial standardization was
completed through a composite warp of the above transforma-
tions and high order interpolation. Mean absolute QSM values
were extracted from the set of cortical regions defined by the
Desikan-Killiany-Tourville atlas (Klein and Tourville, 2012) in
OASIS-30 space. The study-wise to OASIS-30 space non-linear
warp field was calculated with a deformable b-spline co-registra-
tion routine in ANTs. Desikan-Killiany-Tourville labels were
brought into study space using the inverse of this transformation
and nearest-neighbour interpolation. To minimize partial-vol-
ume contamination, each cortical region of interest was inter-
sected with a binarized study-wise grey matter mask, inferred
from anatomical MP-RAGE images using SPM12 (https://www.
fil.ion.ucl.ac.uk/spm/software/spm12/). The PPMI study does not
include QSM data.

Diffusion weighted imaging reconstruction

Prior to diffusion processing, each volume of the raw data was
visually inspected and evaluated for the presence of artefact;
only scans with <15 volumes containing artefacts were
included (Roalf et al., 2016). DWI images underwent standard
preprocessing including denoising (Veraart et al, 2016),
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removal of Gibbs ringing artefacts (Kellner et al., 2016), eddy-
current and motion correction (Andersson et al., 2003) and bias
field correction (Tustison et al., 2010) followed by upsampling
to a voxel size of 1.3 mm® (Raffelt et al., 2012) and intensity
normalization across subjects. Fibre-orientation distributions
(FODs) for each participant were computed via multi-shell
three-tissue constrained spherical-deconvolution using the
group-average response function for each tissue type (grey mat-
ter, white matter and CSF) (Dhollander ez al., 2016). A group-
averaged FOD template was created from 30 randomly selected
subjects at baseline (20 patients with Parkinson’s disease, 10
healthy control subjects) and each participant’s FOD image was
registered to the template (Raffelt et al., 2011). Fixel-based met-
rics were then derived from each subject in template space
(Raffelt et al., 2012). In addition to fixel-based metrics, we
derived the diffusion tensor from each participant’s FOD image
(Veraart et al., 2013) and calculated a fractional anisotropy
(FA) and mean diffusivity (MD) map for each participant, which
was registered to template space. Mean fibre cross-section (FC)
as well as mean FA and MD were calculated from the left and
right substantia nigra based on the DISTAL atlas (Ewert et al.,
2018). FC was chosen from the three derived fixel-based metrics
as prior work by our group, and others, has shown this to be
the most sensitive fixel-based metric in both baseline and longi-
tudinal change in Parkinson’s disease (Rau et al., 2019; Zarkali
et al., 2020). Diffusion data from 14 participants in the discov-
ery cohort failed the predetermined quality control criteria and
were not included in our analyses (treated as missing data).

For the PPMI cohort we downloaded available diffusion ten-
sor imaging (DTI) metrics from six hand-drawn regions of inter-
est within the left and right substantia nigra (Vaillancourt et al.,
2009) and included mean FA values.

Data selection and preparation

We aimed to build a data-driven model of Parkinson’s disease
progression in patients at elevated risk for dementia. Most stud-
ies of Parkinson’s disease—including the cohorts analysed
here—recruit recently diagnosed patients, with very few having
severe cognitive deficits. Therefore, as described above, we
focused our models on those patients considered to be at ele-
vated risk for developing dementia due to older age at onset
(Hietanen and Teriviinen, 1988; Dubois et al., 1990; Jankovic
et al., 19905 Biggins et al., 1992; Katzen et al., 1998; Aarsland
et al., 2001, 2007; Akinyemi et al., 2008; Williams-Gray et al.,
2013). Specifically, we use a threshold age at onset of 65 years,
classifying older patients at diagnosis (=65 years old) as PDD-
HR, and the other patients as PDD-LR. Our threshold reflects
the average age at onset for Parkinson’s disease, which is esti-
mated to be between 60 and 70 years old (Macleod et al.,
2018). We stress-tested this dementia risk threshold by building
models using thresholds of 60 and 70 years, which showed
strong and significant rank correlation with the main model pre-
sented (Supplementary material). Table 1 shows detailed demo-
graphics of included participants in our cohorts.

In our discovery cohort we selected clinical, cognitive, retinal,
and visual measures from our battery (Leyland et al., 2020)
based on specificity to Parkinson’s dementia (Liu et al., 2017;
Schrag et al., 2017; Leyland et al., 2020). UPDRS scores were
not included in the modelling because motor symptoms are pre-
sent in all patients with Parkinson’s disease (by definition).
Measures of average cortical thickness in each brain lobe (five
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per hemisphere: frontal, parietal, occipital, temporal, plus the
cingulate) were calculated from T;-weighted structural MRI by
combining the default estimates returned by FreeSurfer for the
68 cortical regions of interest in the Desikan-Killiany atlas
(Desikan et al., 2006). We included absolute QSM measures
from 12 brain regions out of 96 in the Desikan-Killiany-
Tourville atlas using the Mann-Whitney U-test for PDD-HR ver-
sus controls (P < 0.05 uncorrected). We adjusted all measures
for gender, age, and years of education using a linear model:
y ~ gender X (age + education) trained on controls. This
accounts for confounding effects such as the influence of age
and education on performance in clinical assessment tasks and
allows for possible differences between genders.

For our comparison experiments on PPMI data we included a
subset of measures: only those available in both cohorts (see
text and Supplementary material).

Statistical analysis

The event-based model

We updated a recent version of the event-based model that
incorporates non-parametric mixture modelling (Firth ez al,
2020). Our novelty is described below. We used this model to
estimate the most likely sequence of clinical and neuroimaging
events in the progression to Parkinson’s disease dementia, and
the uncertainty (positional variance) in the sequence. This longi-
tudinal picture of disease progression is extractable from cross-
sectional data by assuming a single monotonic progression and
exploiting combinations of observable abnormality (earlier/later
events) across individuals (Fig. 1). By analogy, if all patients
who present with the common cold have a cough, but only
some of these also sneeze, we would infer with very high confi-
dence that coughing comes before sneezing (of course, this ana-
logy only works for a hypothetical common cold that is
progressive/non-remitting). The confidence in the ordering of
events is quantified intrinsically within the event-based model
and depends on the data (and the nature of disease progression).
Returning to our analogy, confidence in the ‘cough-then-sneeze’
sequence would be reduced if only most patients presented in
this manner, rather than all patients. We present event-based
models as positional density heat maps, also known as position-
al variance diagrams (Fonteijn et al., 2012). A positional density
heat map shows the posterior distribution of events and their
position in the most likely sequence. ‘Hot* regions of high dens-
ity correspond to high confidence in the ordering, appearing as
a narrow, dark diagonal pattern in the map. ‘Cool’ regions of
broad, lower density correspond to lower confidence in the
ordering, e.g. some events are likely to occur concurrently as far
as the model can discern from the data. Our methodological
novelty is in the mixture modelling step of event-based model-
ling. We allowed only a small fraction of data from controls to
be labelled as abnormal/post-event. Specifically, any controls
having extreme abnormality above the 90th percentile for that
marker (including control and patient data) were labelled as ab-
normal, otherwise data from controls remained labelled as nor-
mal/pre-event. This adds clear interpretability to our models:
they represent progression to Parkinson’s dementia as disease-
specific deviations from normality. Markers were excluded if
mixture modelling was unable to discern disease signal from the
data (separation between controls and patients consistent with
disease progression).
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Figure 1 How the event-based model works. The event-
based model is a statistical method for quantifying a sequence of
observable abnormality in a set of disease-relevant features (bio-
markers). The model works by assessing, at the group level, combi-
nations of simultaneously normal and abnormal measurements in
different biomarkers across individuals at multiple stages of disease
progression. Top: In neurodegenerative disease progression (left to
right), observable abnormality (vertical axis) across multiple fea-
tures (A, B, C, D) likely proceeds in a cascade or sequence A—
B—C—D, as in an influential hypothetical model of Alzheimer’s dis-
ease progression (Jack et al, 2010; Jack Jr et al, 2013). Bottom: A
cross-sectional sample of individuals (columns) at different stages of
disease progression (horizontal axis) showing the corresponding
observed combinations of normal (white) and degrees of abnormal-
ity (shades of colour) across the four features. A single individual
sampled near the middle of the disease is shown in both panels:
early events (A and B) have higher abnormality than later events (C
and D). Whenever such an individual shows an elevated value of
biomarker A, but a normal value for biomarker B, this adds evi-
dence that A changes before B.

Similarity measure for event-based models

We use the Bhattacharrya coefficient (BC) as a similarity meas-
ure (Liese and Miescke, 2008) for event-based models in terms
of statistical overlap between two posterior distributions:

BC=1-H? (1)

where H is the mean Hellinger distance (Watanabe, 2009) be-
tween models, calculated row-wise in the positional density map
(mean and SD reported). The Bhattacharrya coefficient is equal
to zero when the posterior positional densities of two event-
based models do not overlap (maximal Hellinger distance), and
it is equal to unity when the positional densities overlap exactly.
To provide some context, we calculate a reference value of BC,
= 0.37 £ 0.02, which represents the statistical similarity of
randomized models (Supplementary material).

Patient staging

Each individual participant is assigned a fine-grained disease
stage within the model via the data likelihood for their set of
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measurements across events. Following Young et al. (2014), we
assigned the stage that maximizes the individual likelihood.
Patient stage is akin to a data-driven, multivariate risk score,
with previous work showing strong predictive value for cogni-
tive outcomes in sporadic Alzheimer’s disease (Young et al.,
2014), and for disease onset in familial Alzheimer’s disease
(Oxtoby et al., 2018) and Huntington’s disease (Wijeratne
etal., 2018).

Cross-validation

We used repeated stratified 5-fold cross-validation to ensure ro-
bustness of the event-based model results. This involved refitting
both the mixture models and the sequence on 80% of the co-
hort data and testing accuracy on the held out 20% for each of
10 5-fold random partitions, giving a total of 50 cross-valid-
ation folds/models, which are averaged to find the final model
(see Supplementary material for details). This gives a more ro-
bust model (both in terms of the sequence and uncertainty in
the sequence) than a single maximum-likelihood model built on
100% of the data. Additionally, this enables us to compare the
50 models to assess model robustness and generalizability using
cross-validation similarity and consistency quantified by the
Bhattacharyya coefficient given above. We cross-validated
model accuracy via patient staging (described above) with the
gold standard model stage provided by staging from the full
cross-validated model (all folds combined). This necessitated
two runs of cross-validation: one to generate the ground truth
model stage for each participant, and a second to calculate met-
rics across cross-validation folds. Model robustness is evidenced
by high similarity (average BC closer to unity) and simultan-
eously high consistency (low standard deviation of BC) between
models across cross-validation folds. Model accuracy is evi-
denced by low errors in patient staging across folds.

External cohort: PPMI

For comparison, our experiments were repeated on available
data in the PPMI cohort. We included healthy controls and
patients with Parkinson’s disease (Table 1). Our PPMI experi-
ments included the subset of measures available: clinical, cogni-
tive, DTI metrics in the substantia nigra, and cortical thickness.
QOur retinal and visual measures are not available in PPMI, nor
are the brain iron content biomarkers from QSM. We quantify
the comparison statistically using rank correlation and our simi-
larity measure defined above after first averaging the posterior
within data modality (Supplementary material).

Data availability

The derived data and python code that support the findings of
this study are available from the corresponding author, upon
reasonable request. The underlying event-based model code is
publicly available at https:/github.com/noxtoby/kde_ebm_open.

Results

Participants

Table 1 presents key descriptors in both cohorts. Briefly, our
discovery cohort included 33 controls and 36 PDD-HR
patients. These groups were used to estimate event
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distributions within the event-based model, i.e. marker/event
severity in the progression to Parkinson’s dementia. See
Supplementary material for details of the event distributions.
All patients (including 64 PDD-LR) were used to estimate
the sequence of events (under the assumption that all
patients would eventually progress to dementia, given suffi-
cient survival). Our external cohort included 127 controls,
146 PDD-HR patients, and 206 PDD-LR patients. In
MoCA and UPDRS-3 scores we found no variation due to
MAPT or APOE4 status (Mann-Whitney U-test, all
P >0.13) and, when GBA cases were included in the
analyses, results were statistically indistinguishable
(Supplementary material). Together this suggests that genetic
variation is not a factor in our study (larger numbers are
required to investigate progression in genetic Parkinson’s,
particularly for GBA).

Features: clinical, cognitive, visual
and imaging markers

Our final set of 42 features for discovery is shown on the
vertical axis of Fig. 2, including eight clinical/cognitive meas-
ures, six vision measures, four retinal measures, eight region-
al measures of cortical thickness, four measures of white
matter neurodegeneration in the substantia nigra, and 12 re-
gional measures of brain iron content. The subsets of fea-
tures for cross-cohort comparison are shown on the vertical
axes of Fig. 4, including clinical/cognitive measures, meas-
ures of white matter neurodegeneration in the substantia
nigra, and measures of regional cortical thickness.

Sequence of events in Parkinson’s
disease progression

Our cross-validated probabilistic model of Parkinson’s dis-
ease progression in patients at elevated risk of dementia is
presented as the positional density map in Fig. 2 (left). The
right side shows a complementary visualization of the cumu-
lative abnormality (left to right). In each panel, disease pro-
gresses from upper left to lower right, with colour intensity
reflecting row-wise positional/cumulative density and confi-
dence in the ordering. Thus, a dark diagonal pattern (left
panel) shows strong confidence in the ordering and a light,
off-diagonal pattern shows weak confidence in the ordering.
Rows in Fig. 2 are coloured to reflect the data modality.

The model estimates that progression starts with classic
prodromal features of Parkinson’s disease (REM-sleep be-
haviour problems, olfactory dysfunction; shown in purple)
then proceeds to early visual dysfunction (D15 colour, con-
trast sensitivity; light green), then increased iron content pri-
marily in temporal and frontal regions (orange) along with
cognitive deficits (Stroop, Hooper, MoCA; greyscale), then
abnormal cortical thickness apparently starting in the occipi-
tal lobe (light blue). At this point the ordering becomes less
certain, but involves white matter neurodegeneration in the
substantia nigra (red), retinal thinning (magenta), further
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cortical neurodegeneration, iron accumulation, vision defi-
ciency (in tests of skew tolerance, biological motion, and
acuity), and cognitive decline (fluency and language
dysfunction).

Patient staging

We assigned each participant in the discovery cohort to their
most likely numerical stage within the model (see ‘Materials
and methods’ section and Young et al., 2014), given their
data. A histogram of the staging results is shown in Fig. 3.
Qualitatively, model stage concurs with expectations, i.e.
healthy controls (Fig. 3) are very early (mostly stage zero)
with Parkinson’s disease patients at varying stages (we found
no statistically significant differences between PDD-LR and
PDD-HR stages).

Cross-validation

Figure 3 shows that, under cross-validation, the model is
likely to generalize well to other patient cohorts: good simi-
larity (high mean BC), high consistency (low SD BC), and
high accuracy (low staging errors) across 50-folds. Ten
repeats of stratified 5-fold cross-validation produced high
statistical overlap of BC = 0.60+0.04 (mean, SD across
folds) relative to the reference value BC, = 0.37+0.02
(Supplementary material), as well as low mean absolute
error of 1.5+3.3 stages in patient staging (see ‘Materials and
methods’ section).

Comparison with external dataset:
PPMI

A visual comparison of our Parkinson’s progression model
(Fig. 2) with a model built using the PPMI dataset is shown
in Fig. 4, on the subset of comparable features available in
both cohorts. The models show high qualitative and quanti-
tative concordance: classical Parkinson’s symptoms and cog-
nitive decline precedes neurodegeneration, with white matter
degeneration in the substantia nigra generally preceding cor-
tical thinning; supported by high rank correlation t = 0.87
(P=0.017) and statistical similarity BC = 0.96
(Supplementary material). Supplementary Fig. 5 explores the
subsequence of abnormality in cortical thickness.

Discussion

We used data-driven event-based modelling to reveal the
fine-grained probabilistic sequence of decline in clinical, cog-
nitive and neuroimaging measures during Parkinson’s dis-
ease. We enriched for Parkinson’s dementia by focusing the
model on patients at high risk of dementia due to their older
age at onset (=65 years) and used repeated stratified cross-
validation for robustness, plus repeat experiments on an ex-
ternal cohort for comparison. Our dementia enrichment
strategy is supported by the PDD-HR group having
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Figure 2 Event-based model of progression in Parkinson’s disease. Data-driven sequence of events in Parkinson’s disease progression
colour coded by modality shown as: positional density (left); and cumulative abnormality (right) from repeated stratified 5-fold cross-validation.
The estimated sequence of events is seen on the vertical axis, with ordering proceeding from top to bottom (earliest to latest event). Colour in-
tensity represents the proportion (0 in white, | most intense) of the posterior distribution in which events (y-axis) appear in a particular position
in the sequence (x-axis). This model is robust, having a similarity of BC = 0.60+0.04 across 50 cross-validation folds. D15 = colour test; GCL =
ganglion cell layer; GNT = Graded Naming Test; IPL = inner plexiform layer; L = left; R = right; RBDSQ = REM sleep behaviour disorder

screening questionnaire; UPDRS = Unified Parkinson’s disease rating scale.

significantly lower MoCA scores than the PDD-LR group at
follow-up ~1.5 years later (Mann-Whitney U-test, P < 0.05;
Supplementary material).

Our data-driven model estimates that the earliest events in
Parkinson’s disease progression in patients at elevated risk of
dementia include measures of REM sleep behaviour prob-
lems and olfactory dysfunction. These events are followed
by early changes in visual performance (including colour
vision loss), and cognitive dysfunction. The earliest events
detectable with neuroimaging are QSM estimates of brain
tissue iron accumulation in frontal and temporal regions,
before regional abnormality in cortical thickness from
Ti-weighted MRI and white matter neurodegeneration in
the substantia nigra from diffusion-weighted MRI. The data
and model suggest that retinal thinning, like cortical thin-
ning, is a relatively late occurrence. Our results provide
data-driven  support  for understanding  of
Parkinson’s disease progression, with early loss of smell and
REM sleep changes (Hummel et al.,, 2007; Stiasny-Kolster
et al., 2007). As our aim was to model progression in estab-
lished disease, all patients had Parkinson’s disease (rather
than prodromal disease), which is why we omitted UPDRS
scores from the model. Including them would see motor dys-
function as the earliest event, which could be somewhat mis-
leading at the individual patient level since studies of
populations in prodromal stages of Parkinson’s disease have
shown that smell and sleep changes are often found before
motor changes (Korczyn and Gurevich, 2010). Large

current

longitudinal cohorts that include the prodromal phase in
confirmed cases will be useful to confirm the ordering of
these early premotor features.

We highlight the relatively early appearance of colour de-
tection deficits and contrast sensitivity, measured here by
simple tests capable of being performed by opticians and
optometrists. Early involvement of visual dysfunction is
interesting—particularly so because it precedes retinal abnor-
mality and the earliest cortical neurodegeneration. This is
consistent with emerging data that suggest visual changes
are an early manifestation or even a precursor of cognitive
change in Parkinson’s disease (Williams-Gray et al., 2013;
Anang et al., 2014), including some of our own work on the
discovery cohort (Leyland ef al., 2020) and more recently
showing, in very large cohorts, that Parkinson’s disease
patients with poor vision have a worse phenotype with
higher rates of dementia (Hamedani et al., 2020; Han et al.,
2020). Together, this evidence suggests the exciting prospect
that routine assessment of vision may have a role in disease
stratification for cognitive decline in Parkinson’s disease.

Our model placed abnormal measures of brain tissue iron
before abnormal cortical thickness in Parkinson’s disease
progression. We also found that the sequence of regional
cortical thinning was highly uncertain (Supplementary ma-
terial). This is consistent with reports that grey matter atro-
phy is inconsistent across patients and often a late event in
Parkinson’s dementia (Hattori et al., 2012; Lanskey et al.,
2018) and is also consistent with our recent separate work

1202 JaqWanON 1z U0 1s8nB Aq 0068Z | 9/SL6/E/7 L /810IHE/UIEIq/ W00 dNO"0IWepED.)/:SdYY WOy papeojumoq


https://academic.oup.com/brain/article-lookup/doi/10.1093/brain/awaa461#supplementary-data
https://academic.oup.com/brain/article-lookup/doi/10.1093/brain/awaa461#supplementary-data
https://academic.oup.com/brain/article-lookup/doi/10.1093/brain/awaa461#supplementary-data

984 | BRAIN 2021: 144; 975-988

Patient staging

=
'S

I PDD-HR
PDD-LR i Controls

0
012345

Model stage
| | LLI_I_L 1 1 1
0 10 20 30
Model stage

Proportion
=
ra

=
=]

Cross-validation accuracy: model staging errors

Per fold All folds
[ — Mean 5
Wy, STD - %
93 ! e
. —
= i}
=]
@2 n -5
g wu«» v
-10{
0 10 20 30 40 50 0.0 025 05
CV fold Proportion

Figure 3 Patient staging results: discovery cohort. Top:
Model stage showing most healthy controls at stage zero (inset);
and patients at varying, but mostly early, stages. Bottom: Cross-valid-
ation accuracy across 50-folds from repeated stratified 5-fold cross-
validation. Left: Mean and standard deviation (STD) absolute error
in patient stage. Right: raw errors in patient stage. Overall mean ab-
solute error was |.5+3.3 stages. CV = cross-validation.

on the discovery cohort showing that cortical brain iron
increases are seen in Parkinson’s disease patients in relation
to cognitive performance (Thomas et al., 2020). The hetero-
geneity observed in both cohorts motivates future work on
data-driven subtyping (see below).

Our model suggests that loss of retinal tissue in key dopa-
mine-containing layers (GCL and IPL) occurs after brain tis-
sue iron increases and grey and white matter atrophy has
commenced. This might suggest that retinal changes are like-
ly to occur later, after retrograde signals from cortical brain
regions, and not concurrently with brain atrophy. Similar
effects of cortical damage having a retrograde effect on ret-
inal thickness are seen in multiple sclerosis (Henderson
et al., 2008). This could be verified in prospective datasets.
Recent models of axonal degeneration as an early feature of
Parkinson’s disease suggest that this process of de-arboriza-
tion may occur throughout the nervous system, and could
explain changes seen in both the retina and cortex (Adalbert
and Coleman, 2013), but with differing timings.

A particular strength of our study is the analysis of an ex-
ternal dataset which supports many of our conclusions on
the subset of features available in both cohorts. Specifically,
models built on each cohort showed quantitative agreement
on the ordering of prodromal symptoms of Parkinson’s dis-
ease, cognitive decline, white matter neurodegeneration in
the substantia nigra, and cortical thinning (Supplementary
material). This is remarkable given the considerable
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difference in age and disease duration between the cohorts:
PPMI patients are younger and have less advanced disease
(Table 1), due to our cohort being enriched for older onset
Parkinson’s disease and also for longer disease duration.

We did not find differences in progression features be-
tween patients carrying APOE4 or MAPT H1/H1 polymor-
phisms in our cohort or the PPMI dataset and our analyses
were not powered to detect differences in the sequence of
progression between groups carrying these polymorphisms.
We also excluded the small number of patients carrying
GBA mutations as these patients are likely to have a more
rapid progression to dementia and may show a divergent se-
quence of events (Blauwendraat et al., 2020), although we
note that the model is statistically unchanged if these seven
patients are included [t= 0.75 (P=2 x 107'?) and BC =
0.99] (Supplementary material). Future work including
much larger numbers of patients, and enriched for specific
genetic subtypes, should specifically examine the role of gen-
etic variation in modifying the rate and sequence of events in
Parkinson’s disease.

The event-based model would also be of interest applied
to dementia with Lewy bodies or established Parkinson’s dis-
ease dementia. As visual processing deficits are seen in the
prodromal phase of dementia with Lewy bodies (McKeith
et al., 2020) and in patients with more rapid Parkinson’s dis-
ease dementia (Anang et al., 2014; Hamedani et al., 2020),
we predict that visual changes will also be found as early
events in Lewy body dementia.

Limitations and future work

In the absence of markers of disease progression for pro-
dromal Parkinson’s dementia, we used later age at onset
(=65 vyears) as a proxy for a higher-risk group for
Parkinson’s dementia. This is based on a wealth of evidence
that higher age at onset of Parkinson’s disease is a strong
predictor for earlier and more aggressive Parkinson’s demen-
tia (Dubois et al., 1990; Katzen et al., 1998) and is likely to
be a more robust marker than, for example, global cognitive
scores such as the MMSE or MoCA, which lack sensitivity
in diagnosing dementia in Parkinson’s disease (Zadikoff
et al., 2008; Hoops et al., 2009), particularly at early stages
of Parkinson’s dementia. Ultimately, quantitative markers of
disease activity in Parkinson’s dementia are needed to enable
early detection and better stratification of patients at risk of
Parkinson’s dementia. Our data-driven model may fill this
role, being akin to a multimodal, computational biomarker
of progression to Parkinson’s dementia.

Our results are built on cross-sectional data from patients
with established Parkinson’s disease, at elevated risk of
developing Parkinson’s dementia. In order to fully validate
our results, we aim to test the model on prospective data,
with enough follow-up time to allow for conversion of
patients to Parkinson’s dementia. This is ongoing work.
Indeed, our models could be used to inform the design of
such prospective studies, e.g. identifying which events are
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Figure 4 Visual comparison of progression models in the discovery and external cohorts. Event-based models of Parkinson’s disease
progression built on a subset of comparable clinical/cognitive/MRI features in the local cohort (left) and PPMI cohort (right). Both models suggest
that Parkinson’s disease starts with classic symptoms of prodromal Parkinson’s disease (sleep/smell abnormality), with neurodegeneration occur-
ring later in the substantia nigra (DWI/DTI) and cortex (MRI). Cognitive abnormality appears first in the MoCA score, preceding measures of ver-

bal fluency.

involved early/late in the progression to Parkinson’s
dementia.

The event-based model assumes a single sequence in the
progression, which is unrealistic given the widely docu-
mented variability in presentation of Parkinson’s disease
patients. This limitation means that we cannot necessarily
distinguish between events that occur early in only a propor-
tion of patients and events that occur late in all patients,
both of which would appear with relatively low frequency
in a patient population. Indeed, our experiments provided
evidence for such heterogeneity—manifested as off-diagonal
positional density in Figs 2 and 4. Addressing this limitation
is the topic of future work.

We have plans for multiple lines of future work motivated
to further improve understanding of Parkinson’s disease pro-
gression. First, we are actively seeking access to data from
suitable cohorts in order to characterize the prodromal
phase. Second, we aim to unravel the aforementioned het-
erogeneity through automatic data-driven subtyping of dis-
ease progression which has had success in other dementias
(Young et al., 2018) and chronic obstructive pulmonary dis-
order (Young et al., 2020). Finally, we are keen to under-
stand biological mechanisms in Parkinson’s disease and
other neurodegenerative diseases, for which topological pro-
file models that examine the patterns of atrophy and net-
work involvement (Garbarino et al., 2019) are a promising
method.

Summary

We used data-driven event-based modelling to determine
that the most likely sequence of events in Parkinson’s disease
progression in patients at elevated risk of dementia begins
with classic prodromal features of Parkinson’s disease

followed by early visual deficits and some cognitive dysfunc-
tion, increased brain iron content, then neurodegeneration in
the substantia nigra, cortex, and retina, and further decline.
The models we have constructed, and those we aim to
construct in the future, should prove useful in clinical prac-
tice and informing the design of future studies. For example,
the fine-grained patient staging mechanism utilized in this
study has the potential to reduce heterogeneity in a patient
cohort and to support precision medicine decisions.
Likewise, we expect that our future data-driven subtyping
work will be able to reduce heterogeneity further, as demon-
strated in other dementias (Young et al., 2018). Ultimately,
we are convinced that these computational models, as part
of a larger effort, offer a tangible route towards identifying a
disease-modifying therapy in Parkinson’s disease.

Acknowledgements

Data used in the preparation of this article were obtained
from the Parkinson’s Progression Markers Initiative (PPMI)
database (www.ppmi-info.org/data). For up-to-date informa-
tion on the study, visit www.ppmi-info.org.

Funding

NPO is a UKRI Future Leaders Fellow (MRC MR/S03546X/
1). NPO and DCA acknowledge funding from the
EuroPOND project during this study: This project has
received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement
No. 666992. NPO and DCA further acknowledge a grant
(number 11042: ‘NetMON: Network Models Of

1202 49qWIBAON LZ U0 3senb Aq 0068Z19/S.6/E/7 L /o101 /uIRIq/ W00 dno-olwepesk//:SARy Woly papeojumoq


http://www.ppmi-info.org/data
http://www.ppmi-info.org

986 | BRAIN 2021: 144; 975-988

Neurodegeneration’) under the Biomarkers Across
Neurodegenerative Disease program funded jointly by The
Michael J Fox Foundation for Parkinson’s Research,
the Alzheimer’s Association, Alzheimer’s Research UK, and
the Weston Brain Institute. PAK is supported by a
Moorfields Eye Charity Career Development Award
(R190028A) and a UK Research & Innovation Future
Leaders Fellowship (MR/T019050/1). AES is supported by
Parkinson’s UK (G-1606, K-1213); GE Healthcare (23/5/13
P0O2580367614); ESRC (ES/L009250/1) and the Movement
disorders society. RSW is supported by a Wellcome Clinical
Research Career Development Fellowship (201567/2/16/Z).
GECT and EB are supported by Medical Research Council
PhD studentships (MR/N013867/1). This research was sup-
ported by the National Institute for Health Research
University College London Hospitals Biomedical Research
Centre. PPMI—a public-private partnership—is funded by
the Michael J. Fox Foundation for Parkinson’s Research and
funding partners, including Abbvie, Allergan, Amathus
Therapeutics,  Avid  Radiopharmaceuticals,  Biogen,
BioLegend, Bristol-Myers Squibb, Celgene, Jenali, GE
Healthcare, Genentech, Glaxo Smith Kline, Golub Capital,
Handl Therapeutics, Insitro, Janssen Neuroscience, Lilly,
Lundbeck, Merck, Meso Scale Discovery, Pfizer, Piramal,
Prevail Therapeutics, Roche, Sanofi Genzyme, Servier,
Takeda, Teva, UCB, Verily, and Voyager Therapeutics.

Competing interests

The authors report no competing interests.

Supplementary material

Supplementary material is available at Brain online.

References

Aarsland D, Andersen K, Larsen JP, Lolk A, Nielsen H, Kragh SP.
Risk of dementia in Parkinson’s disease. Neurology 2001; 56:
730-6.

Aarsland D, Kvaley JT, Andersen K, Larsen JP, Tang MX, Lolk A,
et al. The effect of age of onset of PD on risk of dementia. J Neurol
2007; 254: 38-45.

Acosta-Cabronero ], Betts MJ, Cardenas-Blanco A, Yang S, Nestor PJ.
In Vivo MRI mapping of brain iron deposition across the adult life-
span. ] Neurosci 2016; 36: 364-74.

Acosta-Cabronero J, Milovic C, Mattern H, Tejos C, Speck O,
Callaghan MF. A robust multi-scale approach to quantitative sus-
ceptibility mapping. Neurolmage 2018; 183: 7-24.

Adalbert R, Coleman MP. Review: axon pathology in age-related neu-
rodegenerative disorders. Neuropathol Appl Neurobiol 2013; 39:
90-108.

Akinyemi RO, Okubadejo NN, Akinyemi JO, Owolabi MO, Owolabi
LF, Ogunniyi A. Cognitive dysfunction in Nigerians with
Parkinson’s disease. Mov Disord 2008; 23: 1378-83.

Anang JBM, Gagnon J-F, Bertrand J-A, Romenets SR, Latreille V,
Panisset M, et al. Predictors of dementia in Parkinson disease.
Neurology 2014; 83: 1253-60.

N. P. Oxtoby et al.

Andersson JL, Skare S, Ashburner J. How to correct susceptibility dis-
tortions in spin-echo echo-planar images: application to diffusion
tensor imaging. Neurolmage 2003; 20: 870-88.

Archibald NK, Clarke MP, Mosimann UP, Burn DJ. Retinal thickness
in Parkinson’s disease. Parkinsonism Relat Disord 2011; 17: 431-6.

Ayton S, Fazlollahi A, Bourgeat P, Raniga P, Ng A, Lim YY, et al.; the
Australian Imaging Biomarkers and Lifestyle (AIBL) Research
Group. Cerebral quantitative susceptibility mapping predicts amyl-
oid-B-related cognitive decline. Brain 2017; 140: 2112-9.

Biggins CA, Boyd JL, Harrop FM, Madeley P, Mindham RH, Randall
J1, et al. A controlled, longitudinal study of dementia in Parkinson’s
disease. ] Neurol Neurosurg Psychiatry 1992; 55: 566-71.

Blauwendraat C, Faghri F, Pihlstrom L, Geiger JT, Elbaz A, Lesage S,
et al. NeuroChip, an updated version of the NeuroX genotyping
platform to rapidly screen for variants associated with neurological
diseases. Neurobiol Aging 2017; 57: 247.€9.

Blauwendraat C, Reed X, Krohn L, Heilbron K, Bandres-Ciga S, Tan
M, et al.; The 23 and Me Research Team. Genetic modifiers of risk
and age at onset in GBA associated Parkinson’s disease and Lewy
body dementia. Brain 2020; 143: 234-48.

Chorostecki ], Seraji-Bozorgzad N, Shah A, Bao F, Bao G, George E,
et al. Characterization of retinal architecture in Parkinson’s disease.
J Neurol Sci 20155 355: 44-8.

Collins DL, Neelin P, Peters TM, Evans AC. Automatic 3D intersub-
ject registration of MR volumetric data in standardized Talairach
space. ] Comput Assist Tomogr 1994; 18: 192-205.

Compta Y, Parkkinen L, O’Sullivan SS, Vandrovcova J, Holton JL,
Collins C, et al. Lewy- and Alzheimer-type pathologies in
Parkinson’s disease dementia: which is more important? Brain 2011;
134: 1493-505.

Dale AM, Fischl B, Sereno MI. Cortical surface-based analysis: i. seg-
mentation and surface reconstruction. Neurolmage 1999; 9:
179-94.

Das S, Forer L, Schonherr S, Sidore C, Locke AE, Kwong A, et al.
Next-generation genotype imputation service and methods. Nat
Genet 2016; 48: 1284-7.

Desikan RS, Ségonne F, Fischl B, Quinn BT, Dickerson BC, Blacker D,
et al. An automated labeling system for subdividing the human cere-
bral cortex on MRI scans into Gyral based regions of interest.
Neurolmage 2006; 31: 968-80.

Dhollander T, Raffelt D, Connelly A. Unsupervised 3-tissue response
function estimation from single-shell or multi-shell diffusion MR
data without a co-registered T1 image. In: ISMRM Workshop on
Breaking the Barriers of Diffusion MRI. Portugal: Lisbon;
2016.  Available  from:  https://www.ismrm.org/workshops/
Diffusion16/.

Dubois B, Feldman HH, Jacova C, Hampel H, Molinuevo JL,
Blennow K, et al. Advancing research diagnostic criteria for
Alzheimer’s disease: the IWG-2 criteria. Lancet Neurol 2014; 13:
614-29.

Dubois B, Pillon B, Sternic N, Lhermitte F, Agid Y. Age-induced cogni-
tive disturbances in Parkinson’s disease. Neurology 1990; 40: 38.
Eshaghi A, Marinescu RV, Young AL, Firth NC, Prados F, Jorge
Cardoso M, et al. Progression of regional grey matter atrophy in

multiple sclerosis. Brain 2018; 141: 1665-77.

Ewert S, Plettig P, Li N, Chakravarty MM, Collins DL, Herrington
TM, et al. Toward defining deep brain stimulation targets in MNI
space: a subcortical atlas based on multimodal MRI, histology and
structural connectivity. Neurolmage 2018; 170: 271-82.

Farnsworth D. The Farnsworth-Munsell 100-hue and dichotomous
tests for color vision AB. J Opt Soc Am 1943; 33: 568-78.

Firth NC, Primativo S, Brotherhood E, Young AL, Yong KXX, Crutch
SJ, et al. Sequences of cognitive decline in typical Alzheimer’s disease
and posterior cortical atrophy estimated using a novel event-based
model of disease progression. Alzheimers Dement 2020; 16: 965-73.

Firth NC, Startin CM, Hithersay R, Hamburg S, Wijeratne PA, Mok
KY, et al; The LonDownS Consortium. Aging related cognitive

1202 49qWIBAON LZ U0 3senb Aq 0068Z19/S.6/E/7 L /o101 /uIRIq/ W00 dno-olwepesk//:SARy Woly papeojumoq


https://academic.oup.com/brain/article-lookup/doi/10.1093/brain/awaa461#supplementary-data
https://www.ismrm.org/workshops/Diffusion16/
https://www.ismrm.org/workshops/Diffusion16/

Modelling Parkinson’s progression

changes associated with Alzheimer’s disease in Down syndrome.
Ann Clin Transl Neurol 2018; 5: 741-51.

Fischl B, Dale AM. Measuring the thickness of the human cerebral cor-
tex from magnetic resonance images. Proc Natl Acad Sci USA 2000;
97: 11050-55.

Fischl B, Sereno MI, Dale AM. Cortical surface-based analysis: ii: in-
flation, flattening, and a surface-based coordinate system.
Neurolmage 1999; 9: 195-207.

Fonteijn HM, Modat M, Clarkson MJ, Barnes J, Lehmann M, Hobbs
NZ, et al. An event-based model for disease progression and its ap-
plication in familial Alzheimer‘s disease and Huntington’s disease.
NeuroImage 2012; 60: 1880-89.

Garbarino S, Lorenzi M, Oxtoby NP, Vinke EJ, Marinescu RV,
Eshaghi A, et al; for the Alzheimer’s Disease Neuroimaging
Initiative. Differences in topological progression profile among neu-
rodegenerative diseases from imaging data. eLife 2019; 8: €49298.

Gibb WRG, Lees AJ. The significance of the lewy body in the diagno-
sis of idiopathic Parkinson’s disease. Neuropathol Appl Neurobiol
1989; 15: 27-44.

Gomperts SN, Locascio JJ, Marquie M, Santarlasci AL, Rentz DM,
Maye J, et al. Brain amyloid and cognition in Lewy body diseases.
Mov Disord 2012; 27: 965-73.

Hamedani AG, Abraham DS, Maguire MG, Willis AW. Visual impair-
ment is more common in Parkinson’s disease and is a risk factor for
poor health outcomes. Mov Disord 2020; 97:1542-49.

Han G, Han J, Han K, Youn J, Chung T-Y, Lim DH. Visual acuity
and development of Parkinson’s disease: a nationwide cohort study.
Mov Disord 2020; 46: 1532-41.

Hattori T, Orimo S, Aoki S, Ito K, Abe O, Amano A, et al. Cognitive
status correlates with white matter alteration in Parkinson’s disease.
Hum Brain Mapp 2012; 33: 727-739.

Henderson APD, Trip SA, Schlottmann PG, Altmann DR, Garway-
Heath DF, Plant GT, et al. An investigation of the retinal nerve fibre
layer in progressive multiple sclerosis using optical coherence tomog-
raphy. Brain 2008; 131: 277-87.

Hietanen M, Terdviinen H. The effect of age of disease onset on
neuropsychological performance in Parkinson’s disease. ] Neurol
Neurosurg Psychiatry 1988; 51: 244-49.

Hoops S, Nazem S, Siderowf AD, Duda JE, Xie SX, Stern MB, et al.
Validity of the MoCA and MMSE in the detection of MCI and de-
mentia in Parkinson disease. Neurology 2009; 73: 1738-45.

Hummel T, Kobal G, Gudziol H, Mackay-Sim A. Normative data for
the ‘Sniffin> Sticks’ including tests of odor identification, odor dis-
crimination, and olfactory thresholds: an upgrade based on a group
of more than 3,000 subjects. Eur Arch Otorhinolaryngol 2007; 264:
237-43.

Hummel T, Sekinger B, Wolf SR, Pauli E, Kobal G. ‘Sniffin’ Sticks’: ol-
factory performance assessed by the combined testing of odor identi-
fication, odor discrimination and olfactory threshold. Chem Senses
1997; 22: 39-52.

Iddi S, Li D, Aisen PS, Rafii MS, Litvan I, Thompson WK, et al.
Estimating the evolution of disease in the Parkinson’s progression
markers initiative. Neurodegener Dis 2018; 18: 173-90.

Irwin DJ, Grossman M, Weintraub D, Hurtig HI, Duda JE, Xie SX,
et al. Neuropathological and genetic correlates of survival and de-
mentia onset in synucleinopathies: a retrospective analysis. Lancet
Neurol 2017; 16: 55-65.

Jack CR, Knopman DS, Jagust W], Shaw LM, Aisen PS, Weiner MW,
et al. Hypothetical model of dynamic biomarkers of the Alzheimer’s
pathological cascade. Lancet Neurol 2010; 9: 119-28.

Jack CR Jr, Knopman DS, Jagust WJ, Petersen RC, Weiner MW,
Aisen PS, et al. Tracking pathophysiological processes in
Alzheimer’s disease: an updated hypothetical model of dynamic bio-
markers. Lancet Neurol 2013; 12: 207-16.

Jack CR Jr, Wiste HJ, Schwarz CG, Lowe V], Senjem ML, Vemuri P,
et al. Longitudinal tau PET in ageing and Alzheimer’s disease. Brain
2018; 141: 1517-28.

BRAIN 2021: 144; 975-988 | 987

Jankovic J, McDermott M, Carter J, Gauthier S, Goetz C, Golbe L,
et al.; Parkinson Study Group. Variable expression of Parkinson’s
disease. Neurology 1990; 40: 1529.

Katzen HL, Levin BE, Llabre ML. Age of disease onset influences cog-
nition in Parkinson’s disease. J Int Neuropsychol Soc 1998; 4:
285-290.

Kellner E, Dhital B, Kiselev VG, Reisert M. Gibbs-ringing artifact re-
moval based on local subvoxel-shifts. Magn Reson Med 2016; 76:
1574-81.

Klein A, Tourville J. 101 labeled brain images and a consistent human
cortical labeling protocol. Front. Neurosci 2012; 6: 171.

Korczyn AD, Gurevich T. Parkinson’s disease: before the motor symp-
toms and beyond. J Neurol Sci 2010; 289: 2—-6.

Lanskey JH, McColgan P, Schrag AE, Acosta-Cabronero J, Rees G,
Morris HR, et al. Can neuroimaging predict dementia in
Parkinson’s disease? Brain 2018; 141: 2545-60.

Lawton M, Hu MTM, Baig F, Ruffmann C, Barron E, Swallow DMA,
et al. Equating scores of the University of Pennsylvania smell identi-
fication test and sniffin sticks test in patients with Parkinson’s dis-
ease. Parkinsonism Relat Disord 2016; 33: 96-101.

Leroi I, McDonald K, Pantula H, Harbishettar V. Cognitive impair-
ment in Parkinson disease. ] Geriatr Psychiatry Neurol 2012; 25:
208-14.

Leyland LA, Bremner FD, Mahmood R, Hewitt S, Durteste M,
Cartlidge MRE, et al. Visual tests predict dementia risk in Parkinson
disease. Neurol Clin Pract 2020; 10: 29-39.

Li D, Iddi S, Thompson WK, Donohue MC; for the Alzheimer’s
DIsease Neuroimaging Initiative. Bayesian latent time joint mixed ef-
fect models for multicohort longitudinal data. Stat Methods Med
Res 2019; 28: 835-45.

Liese F, Miescke K]J. Statistical Decision Theory: Estimation, Testing,
and Selection. New York, NY: Springer New York; 2008.

Litvan I, Goldman JG, Troster Al, Schmand BA, Weintraub D,
Petersen RC, et al. Diagnostic criteria for mild cognitive impairment
in Parkinson’s disease: movement Disorder Society Task Force
guidelines. Mov Disord 2012; 27: 349-56.

Liu G, Boot B, Liao Z, Page K, Burke K, Jansen IE, et al. Prediction of
cognition in Parkinson’s disease with a clinical-genetic score: a lon-
gitudinal analysis of nine cohorts. Lancet Neurol 2017; 16: 620-29.

Macleod AD, Henery R, Nwajiugo PC, Scott NW, Caslake R,
Counsell CE. Age-related selection bias in Parkinson’s disease re-
search: are we recruiting the right participants? Parkinsonism Relat
Disord 2018; 55: 128-33.

Marek K, Jennings D, Lasch S, Siderowf A, Tanner C, Simuni T, et al.
The Parkinson progression marker initiative (PPMI). Prog Neurobiol
2011; 95: 629-35.

Marinus J, Zhu K, Marras C, Aarsland D, van Hilten JJ. Risk factors
for non-motor symptoms in Parkinson’s disease. Lancet Neurol
2018; 17: 559-68.

McKeith IG, Ferman TJ, Thomas AJ, Blanc F, Boeve BF, Fujishiro H,
et al.; for the prodromal DLB Diagnostic Study Group. Research cri-
teria for the diagnosis of prodromal dementia with Lewy bodies.
Neurology 2020; 94: 743-55.

Movement Disorder Society Task Force on Rating Scales for
Parkinson’s Disease. The Unified Parkinson’s Disease Rating Scale
(UPDRS): status and recommendations. Mov Disord 2003; 18:
738-50.

Nasreddine ZS, Phillips NA, Bédirian V, Charbonneau S, Whitehead
V, Collin I, et al. The montreal cognitive assessment, MoCA: a brief
screening tool for mild cognitive impairment. ] Am Geriatr Soc
2005; 53: 695-99.

Nassif NA, Cense B, Park BH, Pierce MC, Yun SH, Bouma BE, et al.
In vivo high-resolution video-rate spectral-domain optical coherence
tomography of the human retina and optic nerve. Opt Express
2004; 12: 367-76.

Ndayisaba A, Kaindlstorfer C, Wenning GK. Iron in neurodegenera-
tion—cause or consequence? Front Neurosci 2019; 13: 180.

1202 19qWIBAON g U0 3sanB Aq 0068Z L 9/SL6/E/7 1 L /oI0IE/UIRIG/WOD dNO"dlWapEdE.//:SA)Y WOy papeojuMOQ



988 | BRAIN 2021: 144; 975-988

Oxtoby NP, Garbarino S, Firth NC, Warren JD, Schott JM, Alexander
DC; for the Alzheimer’s Disease Neuroimaging Initiative. Data-
driven sequence of changes to anatomical brain connectivity in spor-
adic Alzheimer’s disease. Front Neurol 2017; 8: 371.

Oxtoby NP, Young AL, Cash DM, Benzinger TLS, Fagan AM, Morris
JC, et al. Data-driven models of dominantly-inherited Alzheimer’s
disease progression. Brain 2018; 141: 1529-44.

Polo V, Satue M, Rodrigo M], Otin S, Alarcia R, Bambo MP, et al.
Visual dysfunction and its correlation with retinal changes in
patients with Parkinson’s disease: an observational cross-sectional
study. BMJ Open 2016; 6: e009658.

Prange S, Danaila T, Laurencin C, Caire C, Metereau E, Merle H,
et al. Age and time course of long-term motor and nonmotor com-
plications in Parkinson disease. Neurology 2019; 92: ¢148-60.

Raffelt D, Tournier J-D, Fripp J, Crozier S, Connelly A, Salvado O.
Symmetric diffeomorphic registration of fibre orientation distribu-
tions. Neurolmage 2011; 56: 1171-80.

Raffelt D, Tournier J-D, Rose S, Ridgway GR, Henderson R, Crozier
S, et al. Apparent Fibre Density: a novel measure for the analysis of
diffusion-weighted magnetic resonance images. Neurolmage 2012;
59:3976-94.

Rau Y-A, Wang S-M, Tournier J-D, Lin S-H, Lu C-S, Weng Y-H, et
al. A longitudinal fixel-based analysis of white matter alterations in
patients with Parkinson’s disease. Neurolmage: Clinical 2019; 24:
102098.

Roalf DR, Quarmley M, Elliott MA, Satterthwaite TD, Vandekar SN,
Ruparel K, et al. The impact of quality assurance assessment on dif-
fusion tensor imaging outcomes in a large-scale population-based
cohort. Neurolmage 2016; 125: 903-19.

Saygin AP. Superior temporal and premotor brain areas necessary for
biological motion perception. Brain 2007; 130: 2452—61.

Schrag A, Siddiqui UF, Anastasiou Z, Weintraub D, Schott JM.
Clinical variables and biomarkers in prediction of cognitive impair-
ment in patients with newly diagnosed Parkinson’s disease: a cohort
study. Lancet Neurol 2017; 16: 66-75.

Snaith RP. The hospital anxiety and depression scale. Health Qual Life
Outcomes 2003; 1: 29.

Spillantini MG, Schmidt ML, Lee VMY, Trojanowski JQ, Jakes R,
Goedert M. a-Synuclein in Lewy bodies. Nature 1997; 388: 839-40.

Spottke AE, Reuter M, Machat O, Bornschein B, Campenhausen von
S, Berger K, et al. Cost of illness and its predictors for Parkinson’s
disease in Germany. Pharmaco Economics 2005; 23: 817-36.

Stiasny-Kolster K, Mayer G, Schifer S, Moller JC, Heinzel-
Gutenbrunner M, Oertel WH. The REM sleep behavior disorder
screening questionnaire-A new diagnostic instrument. Mov Disord
2007; 22: 2386-93.

Swirski M, Miners JS, de Silva R, Lashley T, Ling H, Holton J, et al.
Evaluating the relationship between amyloid-p and o-synuclein
phosphorylated at Ser129 in dementia with Lewy bodies and
Parkinson’s disease. Alz Res Therapy 2014; 6: 77.

Thomas GEC, Leyland LA, Schrag A-E, Lees AJ, Acosta-Cabronero J,
Weil RS. Brain iron deposition is linked with cognitive severity in
Parkinson’s disease. J Neurol Neurosurg Psychiatry 2020; 91:
418-25.

Toledo JB, Gopal P, Raible K, Irwin D], Brettschneider ], Sedor S,
et al. Pathological a-synuclein distribution in subjects with coinci-
dent Alzheimer’s and Lewy body pathology. Acta Neuropathol
2016; 131: 393-409.

N. P. Oxtoby et al.

Tomlinson CL, Stowe R, Patel S, Rick C, Gray R, Clarke CE.
Systematic review of levodopa dose equivalency reporting in
Parkinson’s disease. Mov Disord 2010; 25: 2649-53.

Tustison NJ, Avants BB, Cook PA, Zheng Y, Egan A, Yushkevich PA,
et al. N4ITK: improved N3 bias correction. IEEE Trans Med
Imaging 2010; 29: 1310-20.

Vaillancourt DE, Spraker MB, Prodoehl J, Abraham I, Corcos DM,
Zhou X], et al. High-resolution diffusion tensor imaging in the sub-
stantia nigra of de novo Parkinson disease. Neurology 2009; 72:
1378-84.

Veraart J, Rajan J, Pecters RR, Leemans A, Sunaert S, Sijbers J.
Comprehensive framework for accurate diffusion MRI parameter estima-
tion. Magn Reson Med 2013; 70: 972-84.

Veraart J, Fieremans E, Novikov DS. Diffusion MRI noise mapping
using random matrix theory. Magn Reson Med 2016; 76: 1582-93.

Ward R], Zucca FA, Duyn JH, Crichton RR, Zecca L. The role of
iron in brain ageing and neurodegenerative disorders. Lancet Neurol
2014; 13: 1045-60.

Watanabe S. Introduction. In: Algebraic Geometry and Statistical
Learning Theory. Cambridge Monographs on Applied and
Computational Mathematics. Cambridge: Cambridge University
Press; 2009. p. 1-47.

Weil RS, Pappa K, Schade RN, Schrag AE, Bahrami B, Schwarzkopf
DS, et al. The Cats-and-Dogs test: a tool to identify visuoperceptual
deficits in Parkinson’s disease. Mov Disord 2017; 32: 1789-90.

Weil RS, Schrag AE, Warren JD, Crutch SJ, Lees AJ, Morris HR.
Visual dysfunction in Parkinson’s disease. Brain 2016; 139:
2827-43.

Weil RS, Winston JS, Leyland LA, Pappa K, Mahmood RB, Morris
HR, et al. Neural correlates of early cognitive dysfunction in
Parkinson’s disease. Ann Clin Transl Neurol 2019; 6: 902-12.

Wijeratne PA, Young AL, Oxtoby NP, Marinescu RV, Firth NC,
Johnson EB, et al. An image-based model of brain volume biomark-
er changes in Huntington’s disease. Ann Clin Transl Neurol 2018;
5: 570-82.

Williams-Gray CH, Mason SL, Evans JR, Foltynie T, Brayne C,
Robbins TW, et al. The CamPaIGN study of Parkinson’s disease:
10-year outlook in an incident population-based cohort. J Neurol
Neurosurg Psychiatry 2013; 84: 1258-64.

Young AL, Bragman FJS, Rangelov B, Han MK, Galban CJ, Lynch
DA, et al. Disease progression modeling in chronic obstructive pul-
monary disease. Am J Respir Crit Care Med 2020; 201: 294-302.

Young AL, Marinescu RV, Oxtoby NP, Bocchetta M, Yong K, Firth
NG, et al.; The Genetic FTD Initiative (GENFI). Uncovering the het-
erogeneity and temporal complexity of neurodegenerative diseases
with Subtype and Stage Inference. Nat Commun 2018; 9: 221.

Young AL, Oxtoby NP, Daga P, Cash DM, Fox NC, Ourselin S, et al.
A data-driven model of biomarker changes in sporadic Alzheimer’s
disease. Brain 2014; 137: 2564-77.

Zadikoff C, Fox SH, Tang-Wai DF, Thomsen T, de Bie RMA, Wadia
P, et al. A comparison of the mini mental state exam to the
Montreal cognitive assessment in identifying cognitive deficits in
Parkinson’s disease. Mov Disord 2008; 23: 297-99.

Zarkali A, Mccolgan P, Leyland L-A, Lees AJ, Rees G, Weil RS. Fiber-
specific white matter reductions in Parkinson hallucinations and vis-
ual dysfunction. Neurology 2020; 94: e¢1525-38.

1202 49qWIBAON LZ U0 3senb Aq 0068Z19/S.6/E/7 L /o101 /uIRIq/ W00 dno-olwepesk//:SARy Woly papeojumoq



	tblfn1

