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the dementia (PDD) stage is an unmet clinical need.

95% sensitivity and 91% specificity.

Introduction

Cognitive impairment is a frequent manifestation of Parkinson’s
disease (PD), with dementia developing in approximately 50% of
patients within 10 years of diagnosis (1), resulting in a decrease in
the patient’s quality of life and an increase in the societal and eco-
nomic burden (2). One of the greatest risk factors for dementia in
PD is mild cognitive impairment (MCI), in which the patient per-
forms 1 to 2 standard deviations (SDs) below normal in at least 2
cognitive domains (or in 2 different tests within a single domain),
but the patient’s daily functioning is not significantly affected (3).
Parkinson’s disease with dementia (PDD) is the stage at which the
cognitive deficits are present in multiple cognitive domains and the
symptoms interfere with the patient’s normal social, occupational,
or personal care functioning independent of motor impairment (4).
Related to PDD is dementia with Lewy bodies (DLB), a synucle-
opathy that has substantial phenotypic overlap with PDD. A differ-
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BACKGROUND. Cognitive impairment is a common symptom of Parkinson’s disease (PD) that increases in risk and severity
as the disease progresses. An accurate prediction of the risk of progression from the mild cognitive impairment (MCI) stage to

METHODS. We investigated the use of a supervised learning algorithm called the support vector machine (SVM) to
retrospectively stratify patients on the basis of brain fluorodeoxyglucose-PET (FDG-PET) scans. Of 43 patients with PD-MCI
according to the baseline scan, 23 progressed to PDD within a 5-year period, whereas 20 maintained stable MCI. The baseline
scans were used to train a model, which separated patients identified as PDD converters versus those with stable MCI with

RESULTS. In an independent validation data set of 19 patients, the AUC was 0.73, with 67% sensitivity and 80%

specificity. The SVM model was topographically characterized by hypometabolism in the temporal and parietal lobes

and hypermetabolism in the anterior cingulum and putamen and the insular, mesiotemporal, and postcentral gyri. The
performance of the SVM model was further tested on 2 additional data sets, which confirmed that the model was also
sensitive to later-stage PDD (17 of 19 patients; 89% sensitivity) and dementia with Lewy bodies (DLB) (16 of 17 patients; 94%
sensitivity), but not to normal cognition PD (2 of 17 patients). Finally, anti-PD medication status did not change the SVM
classification of the other set of 10 patients with PD who were scanned twice, ON and OFF medication.

CONCLUSIONS. These results potentially indicate that the proposed FDG-PET-based SVM classifier has utility for providing an
accurate prognosis of dementia development in patients with PD-MCI.

ential diagnosis of DLB is based on whether cognitive impairment
precedes or begins within 1 year of the onset of parkinsonian motor
signs, whereas PDD is diagnosed when dementia occurs within
the context of established PD (5). DLB is considered part of the
same disease spectrum as PD, with important common underlying
pathological mechanisms, while at the same time differing in neu-
rochemical, morphological, and symptom characteristics (6).

Approximately 90% of patients with PD-MCI progress to PDD
eventually, but some remain stable or even revert to a cognitively
normal state (7-10). Certain clinical characteristics such as poor
performance on balance and gait assessment, deficits in attention
and verbal memory, smell dysfunction, and sleep problems are
often associated with an accelerating cognitive decline in patients
with PD-MCI (7, 11-14). A meta-analysis suggested that age, male
sex, greater severity of motor symptoms, hallucination, REM sleep
behavior disorder, smoking, and hypertension increase the risk of
PDD (15), whereas a recent longitudinal study suggested that base-
line neuropsychological and clinical characteristics do not robustly
predict further cognitive decline in patients with PD-MCI, mean-
ing that accurate prognosis is an unmet challenge (16).

Brain imaging techniques have the potential to show changes
in brain function that occur in patients in the early stages of PDD
and can thus be used as a predictive biomarker. Previous cross-sec-
tional studies have identified several brain regions where metabol-
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ic reductions detected by fluorodeoxyglucose-PET (FDG-PET) are
associated with PDD. Compared with patients with PD-MCI, those
with PDD have been shown to have metabolic reductions in the
inferior (17) and lateral (18) frontal regions, as well as in the parietal
(17-20), temporal (21), and occipital lobes (22) and in the hippo-
campal gyrus and the amygdala (20, 23). In several of these studies,
hypometabolism in the occipital-parietal regions was shown to dif-
ferentiate patients with PDD and those with PD-MCI (18, 24-27).

Longitudinal studies largely support the idea that posterior
cortical hypometabolism heralds a rapid cognitive decline in PD
(27-29). At baseline, PDD converters (nondemented patients with
PD who later developed PDD) showed significant parietal /occipi-
tal hypometabolism (27) with marked longitudinal reductions in
the cingulate and precuneus (23, 24). However, the high hetero-
geneity of results as well as large interindividual variability have
limited the clinical translation of FDG-PET as a prognostic tool for
PDD development (30, 31).

Recently, there has been increasing interest in machine learn-
ing techniques that can predict diagnosis, prognosis, and treatment
from brain imaging data at an individual level (32, 33). The advan-
tage of machine learning is that it can discover specific differential
patterns that may not be apparent a priori. For example, the sup-
port vector machine (SVM) utilizes “kernel trick” to build a hyper-
dimensional space, whereby a hyperplane is drawn to divide the
data sets into 2 predefined groups. The inner product between the
hyperplane and a prospective data element (e.g., FDG-PET scan
of a patient whose scan was not used to train the original SVM)
determines the group designation of the prospective patient. Previ-
ously, we have shown that the SVM-based classification technique
performed better at predicting future cognitive decline from FDG-
PET scans of patients with prodromal Alzheimer’s disease (AD)
(patients with MCI who later developed AD compared with those
who did not) than did general linear model- or principal compo-
nent analysis-based techniques (34).

Arecent systematic review of 86 studies using different machine
learning techniques in AD found that, while the classification perfor-
mance was strong at identifying demented versus normal controls,
separating MCI from normal controls and predicting further cogni-
tive decline at the MCI stage was much more challenging (35). Few-
er studies have been performed stratifying patients with PD on the
basis of cognitive status using machine learning models, although
some success has been reported using gray matter volume (36).
Additionally, a recent study using a supervised learning algorithm
showed that patients with PD-MCI and cognitively normal patients
with PD (PDNC) could be discriminated on the basis of functional
connectomics (37). However, there is still limited research on pre-
dicting future cognitive decline using baseline neuroimages.

Our aim was to develop ametabolic pattern that predicts future
dementia development in patients with PD-MCI. We used FDG-
PET data from 43 patients with PD-MCI, who were followed for
a period of up to 8 years. Twenty-three of the patients progressed
to PDD within this time frame. An SVM classifier was developed
to predict future cognitive decline using baseline FDG-PET scans.

Results
A flowchart outlining the study design and participant groups
can be found in Figure 1. The raw demographic and clinical vari-
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ables for each patient cohort used in this study are available in
Supplementary Table 1. In the training data, there were no signif-
icant differences between age at diagnosis, disease duration, or
Mini-Mental State Examination (MMSE) or the Movement Disor-
der Society-Sponsored Revision of the Unified Parkinson’s Dis-
ease Rating Scale (MDS-UPDRS) scores. Within the training set,
the MCI-PDD converters scored significantly worse on the verbal
fluency domain than did the patients with stable MCI (MCI-MCI)
at baseline [£(38) = 2.543, P = 0.016]. The MCI-PDD converters
in the testing set data had a significantly shorter PD duration
and a significantly shorter time to PDD conversion than did the
patients in the training set [£(17) = 4.143, P < 0.001]. All patients
had an average follow-up period of 71.145 months. The resulting
SVM-based classifier predicted PDD conversion from MCI status
with 95% sensitivity and 91% specificity. We confirmed the high
classification performance with 10-fold cross-validation (87%
sensitivity and 85% specificity; Figure 2, B and C). The classifier’s
hyperplane was characterized by decreased glucose metabolism
in the middle frontal gyrus, supramarginal gyrus, angular gyrus,
precuneus, middle temporallobe, and parietal lobe, and increased
glucose metabolism in the anterior cingulum and putamen, insu-
lar gyrus, mesiotemporal lobe, postcentral gyrus, and supplemen-
tary motor area (SMA) (Figure 2A). The reliability of the spatial
pattern of hyper- and hypometabolism was demonstrated with a
10,000-fold permutation test (P < 0.05). The topography of this
PDD prediction pattern was distinct from the spatial metabol-
ic pattern that predicted AD (34) when examined with the spa-
tial similarity test correcting for autocorrelation (r = 0.1079, P =
0.509) (38). Neither the labels nor the subject scores for the PDD
conversion pattern (PDDCP) were significantly different between
sexes within each group (P> 0.4).

We evaluated the classifier’s performance in an additional
testing set of 19 patients, 10 of whom had stable MCI and 9 of
whom progressed to PDD. The SVM classifier predicted progres-
sion from MCI to PDD with an accuracy of 73.7% and a sensitivi-
ty and specificity of 67% and 80%, respectively (Figure 2C). The
overall classification performance was not significantly different
between k-fold cross-validation and the independent test samples
(accuracy: ¥ = 1.380, P = 0.288; sensitivity: x> = 1.748, P = 0.314;
specificity: y2 = 0.120, P=1.000).

To examine whether the classifier was specific only to the pro-
dromal stage (i.e., the abnormal brain metabolic pattern expres-
sion subsides after PDD conversion), we used the classifier to
assess PDD (n = 19), PDNC (n = 17), and normal controls (n =18)
from the Asan Medical Center group. None of the normal controls
were classified as PDD converters. A low percentage (11.8%) of the
patients with PDNC were classified as PDD converters, despite
similar disease duration and age of onset and worse UPDRS scores
compared with the MCI-PDD training set data [¢(36) =-1.551, P =
0.130; £(38) =-0.701; P = 0.488; £(27), P = 0.001]. A total of 89.5%
of patients with clinically confirmed PDD were classified as PDD
converters (Figure 3A).

We examined whether the classifier was also sensitive to
patients with DLB, a synucleopathy with pathophysiology overlap-
ping that of PD. We used the SVM model to classify patients with
MCI versus those with DLB from the Health Sciences Center in
Winnipeg. The SVM model classified 94.12% of patients with DLB
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Figure 1. Flowchart of the study design and participating patients from the Asan Medical Center in Seoul, South Korea, and the Health Sciences Center

in Winnipeg, Canada.

as PDD converters, whereas 27.27% of patients with MCI were
classified as PDD converters (Figure 3B).

To assess whether the pattern identified by SVM was modulat-
ed by anti-PD medication, 10 nondemented patients with PD were
scanned OFF and ON their clinically determined anti-PD medi-
cation including levodopa (L-DOPA). The classifier identified the
same (3 of 10) patients as PDD converters under both drug condi-
tions. A pairwise ¢ test indicated that individual SVM subject scores
were not significantly different OFF or ON L-DOPA [£(9) = -1.069,
P=0.31], indicating that the subject scores (hence, the SVM-based
classification) were not modulated by anti-PD medication.

Discussion

In this study, we used the SVM to build a classifier that predicts
whether patients will maintain stable MCI (mean follow-up dura-
tion: 5 years) or progress to PDD based on FDG-PET scans at base-
line. The classifier yielded a PDD conversion pattern (PDDCP)
that was characterized by hypometabolism in the frontal and
parietal-temporal regions, as well as by an increase in metabolism
in the putamen, insula, SMA, and mesiotemporal lobe. The classi-
fier achieved good sensitivity (86.96%) and specificity (85.00%)
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with k-fold cross-validation. In the testing data set, the classifier
predicted future development of PDD at the MCI stage with an
accuracy of 74.3%. Specificity in the testing set was similar to that
for the training set with k-fold cross-validation (80.0%), whereas
the sensitivity in the training set was lower (67.7%), the perfor-
mance of which was not significantly different from the k-fold
cross-validation. The overall accuracy of 70%-80% from MCI to
dementia conversion is similar to other machine learning-based
neuroimaging classification models that predicted AD devel-
opment from the prodromal MCI stage (39-41). For example, a
recent meta-analysis by Grueso and Viejo-Sobera performed in
2021 found that the SVM was able to predict future AD progres-
sion with a mean accuracy of 75.4%, similar to what was achieved
in this study, despite the availability of large multicenter data sets
such as the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
database (39). Interestingly, sensitivity was relatively robustly
preserved in the testing data set compared with specificity. The
ability to screen out those patients with PD-MCI who would not
progress to PDD has great utility in selecting patients for clinical
trials testing novel neuroprotective or disease-modifying thera-
pies against PDD progression, as disease heterogeneity in these
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Figure 2. PDDCP, a metabolic pattern identified with SVM, is associated with the prediction of transition from MCI to dementia in patients with PD. (A)
Anatomical map of the linear predictor coefficients for MCI-PDD generated by the classification machine. The coefficient map is thresholded at P < 0.05
as defined by a permutation test, so that only regions at a significance level of P < 0.05 are shown. Increased metabolism in the red regions and decreased
metabolism in the blue regions are associated with transition from MCI to dementia in patients with PD. (B) K-fold cross-validated individual subject
scores from the MCI-MCI and MCI-PDD groups in the training set. Positive subject scores were classified as MCI-PDD, while negative subject scores were
classified as MCI-MCI, resulting in 86.96% sensitivity and 85.00% specificity. (C) Individual subject scores from the MCI-MCI and MCI-PDD groups in the

independent set, resulting in 67% sensitivity and 80% specificity.

studies can lead to a high variance in outcomes, making it diffi-
cult to show treatment effects (42).

Within the training set data there was no significant difference
in disease duration, age of onset, or UPDRS scores between the
stable MCI patients and the MCI-PDD converters, indicating that
the PDD conversion-related pattern was specific to a cognitive
metabolic substrate and not a general measure of disease severity
comorbid with cognitive decline. Using an additional validation set
of scans from patients with clinically confirmed PDD and patients
with PDNC, we have also demonstrated that the PDDCP expres-
sion was not unique to the prodromal stage of PDD, as greater
than 89% of patients who currently had PDD were also classified
as PDD converters. Of note, 94.12% of patients with DLB were
also classified as PDD converters, confirming that there were no
phenotypical differences between PDD and DLB (6). On the other
hand, greater than 88% of patients with PDNC who maintained
normal cognition for an average of 8 years since their PD diagnosis
were classified as nonconverters. Both MCI-PDD converters used
in the training set and the PDNC patients had a similar disease
duration and age at onset. Although we found a significant differ-
ence in UPDRS scores between these groups, symptom severity
was actually worse in the patients with PDNC, which helps to sup-
port the idea that the PDD converter classification is specific to a

cognitive substrate of PD-related metabolic abnormality and not
simply a measure of mores severe disease progression.

Importantly, the PDDCP was not modulated by anti-PD treat-
ment. This is important, as many FDG-PET-based neuroimaging
measures in PD are sensitive to dopamine replacement therapy
(43, 44). This means that PDDCP can be used for classification
without requiring patients to go through medication withdraw-
al, which may be detrimental to imaging quality due to tremor
symptoms. Additionally, withdrawal of medication is unfavor-
able to patients’ comfort. Insensitivity to medication means that
PDDCP can be readily used in clinics. Our observation that the
PDDCP is not modulated by dopaminergic therapy is in line with
the observation that the majority of cognitive symptoms in PD do
not appear to improve with L-DOPA.

The topology of PDDCP is broadly in line in several character-
istics, similar to what has been reported in previous longitudinal
studies that examined metabolic indicators of cognitive decline
in PD. Recent longitudinal studies have shown that increased
hypometabolism in parietal regions, including the precuneus and
fusiform gyrus, is associated with worsening cognitive decline in
PD, whereas prefrontal hypometabolism may indicate a cognitive-
ly stable PD-MCI subtype (26-29). Our classifier likewise showed
a pattern of posterior parietal and temporal hypometabolism.

J Clin Invest. 2022;132(20):e157074 https://doi.org/10.1172/)CI157074
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It has been shown that abnormal hypometabolism in the
parietal and occipital cortices may reflect dysfunction in nondo-
paminergic systems in PD, particularly the cholinergic system.
Considerable loss of cholinergic projections from the cholinergic
basal forebrain to subcortical and neocortical regions is observed
in patients with PDD (45-47). In support of this, PET-based imag-
ing experiments have shown that the degree of cholinergic dys-
function is closely correlated to cognitive decline in patients with
PD (48-53). Both neuropsychological and experimental data have
suggested the dual syndrome hypothesis, in which a more rapidly
progressing posterior cortical/visuospatial phenotype manifests
as poor performance on visual recognition and spatial tasks and
may be responsive to cholinergic therapy (54). In support of this,
we found that reduced metabolism in frontal/executive regions
was not a strong predictor of PDD conversion, whereas reduced
metabolism in posterior parietal regions was. Additionally, the
observation that this pattern was not modulated by L-DOPA treat-
ment also supports the idea of a nondopaminergic substrate for
this pattern. Interestingly, increased occipital hypometabolism,
which is a hallmark of PD-associated atrophy, was not strongly
represented in our model. Occipital atrophy may occur in the later
stages of PD-related cognitive decline and is not itself a strong pre-
dictor of cognitive decline in the prodromal stage (55).

Our classifier also showed that several hypermetabolic
regions are predictive of dementia development in patients with
PD-MCI. While it is not an uncommon observation (35, 56, 57),
and although these hypermetabolic regions may play important
roles in pathologic brain network configuration (58, 59), the hyper-
metabolism in neurodegenerative disorders is often viewed as a
controversial finding (60). While hypometabolism is interpreted
as reduced synaptic activity, neuronal loss, atrophy, or a combi-
nation of these factors, the interpretation of maladaptive hyper-
metabolism that occurs during disease progression is complex,
with numerous explanations (61). It is important to note that our
design classified patients at the MCI stage, meaning that increases
and decreases in metabolism reflected in the classifier were rel-
ative to other patients with PD-MCI and not to healthy controls.
As aresult, hypermetabolism identified in the PDDCP may reflect
only a relatively lesser decrease in metabolism in those regions.
Additionally, PDD progression may manifest initially as increased
FDG-PET signal in certain regions at the MCI stage. This could
result from pathogenic processes associated with neurodegen-
eration such as neuroinflammation, which has been shown to
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tion sets. Bars show the proportion of patients
classified as PDD converters by the SVM

model from the additional validation set from
the Asan Medical Center (A) using 18 normal
controls (NC), 17 patients with PDNC, and 19
patients with clinically confirmed PDD. (B) In the
validation set from the Health Sciences Center,
data on 22 patients with clinically confirmed
MCI and 17 with DLB were used.
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increase FDG uptake (62, 63). Additionally, increased metabolism
heralding a worsening cognitive decline could reflect a compensa-
tory response to PD-related atrophy, in which less affected brain
regions show comparative increases in FDG uptake reflecting
the additional responsibilities of that region. These explanations
are not mutually exclusive, with different interpretations being
favored depending on the brain region and disease stage.

Previous studies have identified that increases in FDG-PET
signal in the cerebellum, brainstem, white matter, and anterior
cingulum are associated with cognitive impairment in PD (24, 56,
57, 64, 65). In our study, increased metabolism was associated with
PDD progression in numerous regions including the hippocam-
pus, which has also been reported in AD progression in patients
with MCI (25, 66, 67, 68). These findings support the notion that
reduced cortical input to the hippocampus may lead to an increase
in metabolism, which only shifts to hypometabolism in more
advanced stages of the disease when atrophy is more extensive (67~
69). In patients with PDD, the hippocampus shows a higher density
of Lewy pathology (70-72) and progressive atrophy with disease
progression (31,36,73-77). A recent meta-analysis of brain imaging
studies identified the hippocampus as a central node of an abnor-
mal brain network in PDD, whereas in MCI, this region seems min-
imally involved (31). This is consistent with patients with PD-MCI
who have minimal memory deficits, in contrast to those with PDD,
in whom memory is more affected (78). As a result, hypermetabolic
nodes such as those found in the hippocampus in our model may be
clinically relevant markers of later cognitive decline.

There are several limitations to the current study. We used
a relatively small sample size for SVM training, which may have
resulted in overfitting. Nevertheless, the k-fold cross-validation
showed a good level of sensitivity and specificity (>85%), albe-
it slightly reduced compared with the results from training. The
sensitivity of the SVM classifier was reduced in the independent
validation set, although it was not significantly different from the
k-fold cross-validation results. It should be noted that there were
only 9 MCI-PDD converters in the testing set, therefore, misclas-
sifying only 1 patient would decrease the sensitivity by 11.1%. The
sample size of the anti-PD medication cohort was also too small
to draw definitive conclusions about the effects of the medication.
Therefore, a larger validation study is warranted.

It should also be noted that we did not include any other vari-
ables than FDG-PET in the classifier training, to maximize the
flexibility of adopting the proposed classifier in any research or
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Table 1. Characteristics of patients in the training data set from the Asan Medical Center

Training set Testing set Validation set
McI-McI MCI-PDD MCI-MCI MCI-PDD NL PDNC PDD

n (M/F) 20 (11/9) 23(16/7) 10 (4/6) 9(3/6) 18 (3/15) 17 (10/7) 19(9/10)
Age, yr, mean (SD) 64.80 (6.66)° 6348 (9.97)° 70.90 (4.91)° 73.78 (5.83) 59.72 (6.89) 65.82 (11.10) 70.47 (5.06)
PD duration, yr, mean (SD) 5.60 (3.28) 6.13 (4.33) 4.91(1.34) 2.62 (1.53)* - 8.07 (2.63) 11.53 (3.88)
Follow-up duration, yr, mean (SD) 470 (1.38) 548 (3.09) 4.90 (1.29) 233 (141)% - - -
MDS-UPDRS, mean (SD) 25.00 (13.15) 24.45 (13.18) 28.29(20.64)  54.50(7.78)° = 4850 (16.83)  36.47 (14.02)
MMSE, mean (SD) 23.60(2.96)° 23.71(1.87) 26.70 (216)° 21.89 (4.34)* - 28.35 (117) 16.68 (6.77)
ACE-R, mean (SD) 67.1(14.5) 62.55 (9.21) 73.90 (14.85) 59.00 (141) = = =
Attention, mean (SD) 14.65 (2.66) 14.10 (2.25) 15.80 (3.35) 13.00 (2.83 - - -
Memory, mean (SD) 16.55 (5.70) 13.95(3.72) 16.70 (5.07) 12.50 (0.71) = = =
Fluency, mean (SD) 6.5(2.52) 4.75 (1.80)* 740 (2.61) 8.00 (0.00) - - -
Language, mean (SD) 17.2 (4.70) 18.35 (3.17) 19.00 (2.92) 19.00 (4.24) - - -
Visuospatial, mean (SD) 12.75 (2.43) 1140 (2.58) 15.00 (2.24) 6.50 (3.54)" - - -

ASignificant difference (P < 0.05) between patients with stable MCl and MCI-PDD converters within a particular set. 8Significant difference (P < 0.05) within

a diagnosis between training and testing sets. F, female; M, male.

clinical setting. Either the resulting labels or the subject scores
may be incorporated into a multimodal classifier with other vari-
ables, e.g., such as age, sex, symptom severity, genetics, and/
or other neuroimaging-based variables, which may improve the
accuracy of the overall prediction model (39).

Methods

Participants. In this retrospective chart review study, scans from
patients with a clinical diagnosis of PD at the Movement Disorders
Clinic at the Asan Medical Center in Seoul, from 2011 to 2015, were
used to train the SVM classifier (Table 1). The data were retrieved in
March 2018. All patients were diagnosed with PD by a movement
disorder specialist according to the United Kingdom Parkinson’s Dis-
ease Brain Bank Criteria (79). Decreased dopamine transporter avail-
ability was confirmed with 18F-N-(3-fluoropropyl)-2f-carboxyme-
thoxy-3B-(4-iodophenyl)nortropane ([*F]FPCIT) PET in all patients.
The diagnosis of MCI in patients with PD conforms to the MDS
PD-MCI criteria (3). All participating patients were assessed with the
Addenbrooke’s Cognitive Examination-Revised (ACE-R) as well as
the Mini-Mental State Exam (MMSE) (80, 81). The ACE-R comprises
5 cognitive domains: attention/orientation (18 points), memory (26
points), verbal fluency (14 points), language (26 points), and visuospa-
tial ability (16 points), with a maximal attainable score of 100. PD-MCI
was determined on the basis of a SD score below normal on at least
2 neuropsychological tests, either as 2 impaired

tests within 1 cognitive domain or 1 impaired test

deficits severe enough to impair daily social, occupational, or personal
care activities (4). Patients who had symptoms suggestive of atypical
Parkinsonism on neurological examination or findings on MRI were
excluded. Patients with major depressive disorder, bipolar disorder,
schizophrenia, or substance use disorder were also excluded. Patients
who later developed dementia during the follow-up period were cat-
egorized as converters (PD-MCl/convertors) and those who did not
as nonconverters (PD-MCI/nonconverters). Baseline FDG-PET scans
from 43 patients, 23 of whom developed PDD and 20 of whom had sta-
ble MCI were used for the training of the SVM classifier. For an inde-
pendent testing set, additional data were retrieved in January 2022
(the baseline FDG-PET scans were taken between 2014 and 2016). In
the testing set, a dementia diagnosis was ultimately made clinically by
attending neuropsychologists who administered different types of test
batteries. If ACE-R was available, it has been included in Table 1. A
total of 19 patients were identified in the testing set, 9 of whom were
PDD converters, and the remaining 10 patients had stable MCI.

For an additional validation set, FDG-PET scans of 17 patients with
PDNC, 19 with PDD, and 18 age-matched healthy controls (NL) were
retrieved from Asan Medical Center’s imaging database (Table 1). As
an additional validation set, FDG-PET scans of 39 patients admitted to
the Crescentwood Memory Clinic in Winnipeg, Manitoba, were used.
Among these patients, 22 had clinically diagnosed MCI, and 17 were
clinically diagnosed with DLB. DLB is considered to be part of the same

in 2 cognitive domains. All patients with PD-MCI
showed a gradual cognitive decline that did not
significantly interfere with their functional inde-

pendence. Patients included in the study had a 1 (M/F)

Age, yr, mean (SD)
MMSE, mean (SD)
MoCA, mean (SD)

mean follow-up duration of 5 years and underwent
FDG-PET imaging and neuropsychological testing
upon admission to the study. A PDD diagnosis was
determined by a movement disorder specialist on
the basis of significant impairment in more than 1
cognitive domain from the premorbid level, with

Disease duration, yr, mean (SD)

Table 2. Characteristics of patients from the Health Sciences Center

Ml DLB PD (ON/OFF .-DOPA group)
22(9/13) 17 (9/10) 10 (8/2)
69.84 (5.45) 68.00 (7.65) 67 (7.72)
26.81(1.89) 25.11(348) -
- - 25.70 (343)
5.7(0.77) 5.93(0.68) 8.9(52.8)

MoCA, Montreal Cognitive Assessment Test.
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spectrum of diseases as PDD and shares similar symptoms and patho-
logical hallmarks (6). A diagnosis of DLB is given if cognitive symptoms
precede the development or develop within 1 year of parkinsonian
motor symptom onset (5). Additionally, to determine whether the SVM
classifier is significantly modulated by anti-PD treatment, an addi-
tional 10 patients with clinically diagnosed PD without dementia were
scanned at the Health Science Centre in Winnipeg, Manitoba, on sepa-
rate days, both with their clinically determined anti-PD drug (including
L-DOPA) and with their medication withdrawn. Demographic infor-
mation of the validation sets has been described elsewhere (34, 44).

Patients recruited from the Asan Medical Center were Korean.
Ethnicity information was not collected for patients recruited from the
Health Science Centre.

FDG-PET acquisition and preprocessing. All participants were with-
drawn from anti-PD medications for at least 12 hours and fasted for
at least 6 hours before scanning. For the patients who were recruited
from the Asan Medical Center (Table 1), a 5-minute transmission scan
using a **Ge rotating pin source and a 15-minute emission scan were
acquired on an ECAT HR+ scanner (Siemens Medical Systems) at
the Asan Medical Center, 40 minutes after i.v. injection of 370 MBq
FDG (82). For the patients who were recruited from the Crescentwood
Memory Clinic and Health Science Centre in Winnipeg (Table 2), all
PET imaging data were acquired on a Siemens Biograph 16 HiRez PET/
CT (Siemens Medical Solutions) scanner at the University of Manito-
ba. Patients were injected i.v. with 185 MBq FDG, and a 15-minute
static image was acquired starting 40 minutes after injection. A head
CT scan was acquired for attenuation correction purposes.

All FDG-PET image preprocessing was carried out using the
standard procedure implemented in Statistical Parametric Mapping
12 (SPM) software (www.fil.ion.ucl.ac.uk/spm/). Images were spa-
tially normalized by warping to the Montreal Neurological Institute
(MNI) standard space using a PET template and then subsequently
smoothed using an 8 mm Gaussian filter. For all images, FDG uptake
was proportionally scaled using the whole-brain mean value.

SVM-based classifier. SVM model specification was done using the
fitcsvm function with linear kerneling implemented in the MATLAB
Statistical Toolbox (Wwww.mathworks.com). The ISDA solver was used
with the parameters set as follows: outlier fraction = 0.05; no assump-
tion in the initial estimates; misclassification cost = [0 1; 1 O]; toler-
ance for gradient difference = O; feasibility gap tolerance = 0; maximal
number of numerical optimization iterations = 1,000,000; kernel off-
set parameter = 0.1; and kernel scale = 1. K-fold cross-validation (k =
10) was performed to evaluate overfitting of the model. The sensitivity
and specificity of the k-fold cross-validated model was also calculated.

The SVM model produces a matrix of feature weights that corre-
spond to each voxel. Briefly, we first generated the SVM model based
on the training set, which produces a hyperplane that optimally sepa-
rates the 2 classes. This decision boundary is represented by a set of
feature weights (in this case voxel weights) that are dot producted with
an individual’s FDG-PET image to produce a subject score. The sub-
ject is then classified as either having stable MCI (MCI-MCI) or as a
PDD converter (MCI-PDD) on the basis of the sign of the score.

CLINICAL MEDICINE

In order to better understand which brain regions were most import-
ant in achieving an accurate classification, we used a permutation test to
calculate P values for the linear predictor coefficients. We built 10,000
SVM models each with randomly permuted class labels, which produced
anull distribution of voxel weights. The Pvalues were defined as the pro-
portion of times the absolute value of a given voxel weight in the permut-
ed models exceeded the value in the true model. If a given voxel weight
had a value greater than the true voxel weight less than 5% of the time,
then that voxel could be assigned a value of P < 0.05.

Data availability. The developed SVM classifier and the scripts used
for generating it are available on The Ko Lab’s website: https://www.
kolabneuro.com/, and can be found using the search terms “prediction
model,” “prognosis,” “support vector machine,” and “biomarker.”

Statistics. All statistical analysis was performed using SPSS soft-
ware for Linux (IBM). Differences in continuous variables (age, dis-
ease duration, follow-up period, MDS-UPDRS, MMSE, SVM subject
scores) between groups were evaluated using a 2-tailed, 1-way ANOVA
(with post hoc Bonferroni’s test) and a 2-tailed Student’s ¢ test. Differ-
ences in the dichotomic variables (sex and SVM classification labels)
between groups were evaluated using a y test. A P value of less than
0.05 was considered significant.

Study approval. Informed consent was acquired from all patients
from the Asan Medical Center, the Crescentwood Memory Clinic, and
the Health Sciences Center. This study was approved by the research
ethics boards of the Asan Medical Center (Seoul, South Korea) and the
University of Manitoba (Winnipeg, Canada).
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