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Recently, revised diagnostic criteria for Parkinson's disease (PD) were introduced (Postuma et al., 2015). Yet,
except for well-established dopaminergic imaging, validated imaging biomarkers for PD are still missing, though
they could improve diagnostic accuracy.
We conducted systematic meta-analyses to identify PD-specific markers in whole-brain structural magnetic
resonance imaging (MRI), [18F]-fluorodeoxyglucose-positron emission tomography (FDG-PET) and diffusion
tensor imaging (DTI) studies. Overall, 74 studies were identified including 2323 patients and 1767 healthy
controls. Studies were first grouped according to imaging modalities (MRI 50; PET 14; DTI 10) and then into
subcohorts based on clinical phenotypes. To ensure reliable results, we combined established meta-analytical
algorithms - anatomical likelihood estimation and seed-based D mapping - and cross-validated them in a conjunction analysis.
Glucose hypometabolism was found using FDG-PET extensively in bilateral inferior parietal cortex and left
caudate nucleus with both meta-analytic methods. This hypometabolism pattern was confirmed in subcohort
analyses and related to cognitive deficits (inferior parietal cortex) and motor symptoms (caudate nucleus).
Structural MRI showed only small focal gray matter atrophy in the middle occipital gyrus that was not confirmed
in subcohort analyses. DTI revealed fractional anisotropy reductions in the cingulate bundle near the orbital and
anterior cingulate gyri in PD.
Our results suggest that FDG-PET reliably identifies consistent functional brain abnormalities in PD, whereas
structural MRI and DTI show only focal alterations and rather inconsistent results. In conclusion, FDG-PET
hypometabolism outperforms structural MRI in PD, although both imaging methods do not offer disease-specific
imaging biomarkers for PD.

1. Introduction
Among neurodegenerative diseases, Parkinson's disease (PD) is the
second most common disorder with annually 5–35 new cases per
100,000 persons (Poewe et al., 2017). In the last two decades, research
on PD has shed new light on its clinical characterization and pathogenesis. However, the most often used diagnostic criteria were published back in 1992 by the Parkinson's Disease Society Brain Bank
(PDSBB) (Hughes et al., 1992). These are based on the clinical observation of the parkinsonian syndrome, defined as bradykinesia plus
one of rigidity, tremor at rest or postural instability, combined with

fulfilling both exclusion and supportive positive prospective criteria,
such as levodopa responsiveness and asymmetry of the motor impairment (Hughes et al., 1992). Beyond motor-symptoms, PD may show
also non-motor manifestations, such as sleep disorder, anosmia, constipation, hallucinations, and cognitive impairment possibly leading to
dementia (Poewe et al., 2017; Schapira et al., 2017). This is shifting the
conceptualization of PD from a pure dopaminergic motor syndrome to a
multisystem and multi-neurotransmitter one (Titova et al., 2017). The
recently updated PD diagnostic criteria by the Movement Disorder Society have already included the current clinical knowledge of PD research, comprising non-motor features, thus increasing diagnostic
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Fig. 1. PRISMA statement flow diagram. Flow of information through different phases of the systematic literature search identifying the neural correlates of
Parkinson's disease. Image modified according to the PRISMA statement (Moher et al., 2009).

accuracy (Postuma et al., 2015). Nevertheless, the diagnosis is still
predominantly based on clinical symptoms. Indeed, the only brain
biomarker mentioned, i.e. normal presynaptic dopaminergic function as
detected by molecular imaging, is used as an exclusion criterion for PD
(Postuma et al., 2015). A recent meta-analysis has already provided a
synthesis of studies investigating presynaptic dopamine function in PD
(Kaasinen and Vahlberg, 2017). No other imaging biomarkers have
been included so far for the diagnosis of PD, although they could be
crucial to improve the diagnostic accuracy. In this respect, Alzheimer's
disease research is exemplary. Indeed, magnetic resonance imaging
(MRI) and amyloid and [18F]-fluorodeoxyglucose (FDG) positron
emission tomography (PET) have been successfully integrated in the
most recent diagnostic criteria for mild cognitive impairment, as a prestage, and Alzheimer's disease (Albert et al., 2011; Dubois et al., 2014).
Along the same line, disease-specific imaging biomarkers have been
also proposed for other neurodegenerative diseases, such as frontotemporal lobar degeneration or primary progressive aphasia (GornoTempini et al., 2011; Rascovsky et al., 2011). The identification of PD-

specific imaging biomarkers based on MRI or FDG-PET imaging could
provide a useful tool to improve the differential diagnosis, for example
in comparison to atypical parkinsonism.
Up to date, many studies have tried to identify new imaging biomarkers for PD (Lehericy et al., 2017; Lotankar et al., 2017; Postuma
and Berg, 2016). Recent qualitative reviews about multimodal biomarkers in PD suggested diffusion tensor imaging (DTI) as preferably
useful for diagnosis and staging of PD (Lehericy et al., 2017; Tuite,
2017). Indeed, a pattern recognition algorithm (support vector machine
classification) using DTI data of the substantia nigra has proved to yield
high accuracy (up to 97.5%) in differentiating PD from healthy subjects
and other parkinsonian syndromes (Haller et al., 2012). Also other MRIand FDG-PET-based measures have been investigated by many studies.
However, due to the large variability between study settings and analysis methods, the reported results are heterogeneous and consequently
they are considered as still developing methods for PD assessment
(Lehericy et al., 2017; Lotankar et al., 2017; Postuma and Berg, 2016).
In order to provide an unbiased overview of the up-to-date literature,
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free from a priori hypotheses, we decided to focus our meta-analysis on
whole-brain studies applying structural MRI, FDG-PET or DTI imaging.
For a complete account of the literature, the reader can refer to the
references in the Supplementary material. To further disentangle the
effects of different clinical phenotypes, we stratified our findings into
several clinical subcohorts. Our aim was to identify a robust and replicable neural signature of PD that can be used in the research and
clinical settings. To this end, we systematically applied quantitative
data-driven meta-analyses on multimodal neuroimaging data to identify prototypical neural networks involved in PD and to extract diseasespecific imaging biomarkers. Moreover, we aimed to compare the different imaging modalities by directly contrasting them. However, given
the limited number of DTI studies performing whole-brain analysis, this
comparison could be performed only between MRI and FDG-PET. Of
note, to cross-validate our results, we used a unique approach integrating two meta-analytical algorithms.

2.2.2. Meta-analysis
Statistical analyses were performed with two different software
packages to obtain robust, reliable results and to validate the results of
each individual technique. Anatomical Likelihood Estimation (ALE) and
Seed-based D Mapping (SDM) approaches are implemented in Ginger
ALE (v2.3.6) (Eickhoff et al., 2012) and SDM (v5.141) (Radua and
Mataix-Cols, 2009) (Table-e11 summarizes characteristics of both
methods).
First, we applied the SDM approach (Radua and Mataix-Cols, 2012;
Radua et al., 2014). In brief, the extracted maxima from the literature
are used to build a statistical map for each study. A value is assigned to
each voxel in the map depending on its proximity to the reported coordinates of interest, so that the closer the voxel, the higher its value. In
the case of voxels that lie in the proximity of more than one coordinate,
the values are linearly summed. To avoid the issue of studies reporting
coordinates in close proximity, a multilevel kernel density analysis is
implemented to limit the values to a maximum. Then, pooling the individual maps together, a mean meta-analytical map is computed, in
which the value of a voxel is defined as the proportion of studies reporting a coordinate around that voxel. Finally, the resulting map is
tested against a whole-brain null distribution of the meta-analytical
values (Radua and Mataix-Cols, 2009). Of note, the SDM software does
not provide a built-in function for multiple comparison correction.
Accordingly, we performed false discovery rate (FDR) correction of the
uncorrected p-values using the SDM FDR online calculator.
For SDM analyses, the extracted coordinates of gray matter density,
metabolic or fractional anisotropy changes and the corresponding z-scores
were used. In case of reported t-values, a t-to-z conversion was performed
(www.sdmproject.com/utilities/?show=Statistics). Coordinates were
converted into MNI space by the software. The null distribution was
computed with 100 randomizations and an anisotropic kernel. The first
threshold was set at p < .001 uncorrected. In addition, to test the stability
of the results, a jack-knife approach was applied, i.e. removing one study
at a time and running the analysis again. We thus report only clusters
present in at least 80% of the jack-knife folds for the PD-All analysis and
the full range (1–100%) for the subanalyses on limited number of studies.
Notably, the SDM software takes into account the sample size differences
between the included studies and it allows also the inclusion of studies
with negative findings.
Secondly, the same meta-analysis was run by means of the ALE
method (Eickhoff et al., 2012; Laird et al., 2009). In summary, each
coordinate is set as the center of a Gaussian probability distribution,
whose width is corrected according to the sample size of the corresponding study. Then, all the Gaussian distributions are summed in one
statistical map that is tested voxel-wise against the null hypothesis of an
equal spatial distribution of the foci. Thus, regions with ALE values
higher than expected by chance are identified.
We converted Talairach coordinates into MNI space with Lancaster
transformation as implemented in GingerALE. The statistical threshold
at the voxel-level was set at p < .001 uncorrected as in SDM. Results
were considered significant after Family-Wise Error (FWE) correction at
the cluster level (p < .05). In contrast to SDM, studies reporting negative findings cannot be included in the ALE meta-analysis and were
thus discarded. Furthermore, to enable direct comparison of FDG-PET
and MRI-VBM results, we run a contrast analysis between the two
modalities on the PD-all cohort. This analysis, which statistically assesses differences between two modalities, is only implemented in
GingerALE and was performed with standard parameters, i.e. uncorrected voxel-level threshold at p < .001 and 10,000 permutations.
Finally, to facilitate the comparison of results of both meta-analytic
approaches, we created an overlap image combining them (SDM∩ALE).
This conjunction analysis revealed clusters that were significant by both
algorithms. In the following results and discussion sections we focus on
brain changes in PD that were consistently identified by SDM and ALE
meta-analyses. This highlights the most reliable findings that are independent from the specifics of the applied meta-analytical method.

2. Materials and methods
2.1. Study selection
Literature search and study selection were performed according to
the Preferred Reporting Items for Systematic reviews and MetaAnalyses (PRISMA) statement (www.prisma-statement.org), to assure
high quality and reproducibility. First, we searched PubMed for studies
published until November 2016 and matching the following keywords:
(“Parkinson's disease” OR “PD” OR “idiopathic Parkinson's disease”)
AND (“voxel-based morphometry” OR “gray matter” OR “white matter”
OR “VBM” OR “FDG-PET” OR “DTI”). Only studies satisfying the following criteria were further considered: (1) original and peer-reviewed
study, (2) established diagnostic criteria for PD diagnosis2, (3) wholebrain neuroimaging analysis, (4) comparison with age-matched healthy
controls, and (5) result coordinates reported in stereotactic reference
systems, e.g. Talairach or Montreal Neurological Institute (MNI). To
prevent any a priori assumptions, region-of-interest analyses and case
studies were excluded. The selection is summarized in the PRISMA
flowchart (Fig. 1). Both literature search and study selection were independently performed by two investigators (FA and TB).
FDG-PET and structural voxel-based morphometry MRI (MRI-VBM)
studies were numerous enough to be stratified into subcohorts.
Specifically, three subcohorts were created according to the PD patients'
clinical characteristics: (1) an inclusive group comprising all PD patients irrespective of their clinical features (e.g. cognitive impairment or
visual hallucinations) (PD-All), (2) a subgroup including only PD patients with cognitive impairment, defined as Mild Cognitive Impairment
or dementia (PD-Cog), (3) a subgroup of patients with only PD motor
symptoms without specific cognitive or behavioral deficits (PD-Motor).
Additional subanalyses were run on structural MRI studies reporting
gray matter increases in PD as compared to controls (PD-Inc) and white
matter changes in PD (PD-WM). Furthermore, white matter changes
were also investigated in DTI fractional anisotropy studies.
2.2. Statistical analyses
2.2.1. Demographic and clinical features
The following variables were extracted across studies: age, gender,
Mini-Mental State Examination (MMSE), disease duration, Hoehn&Yahr
stage, and Unified Parkinson's Disease Rating Scale motor score
(UPDRS–III). Summary statistics (i.e. means and standard deviations)
were computed across all the studies (MRI + PET+DTI), as well as
separately for the clinical subgroups (i.e. PD-All, PD-Motor, PD-Cog,
and PD-Inc) and imaging modalities (Table 1). Group comparisons by
means of Kruskal-Wallis tests were conducted to statistically assess
differences in the extracted variables across different imaging cohorts.
Multiple statistical tests were Bonferroni corrected with α = 0.01.
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Table 1
Summarized subjects' demographics.
Cohort

PD-All

PD-Motor
PD-Cog
PD-WM
PD-Inc

Modality

FDG-PET
MRI
DTI
Combined
FDG-PET
MRI*
Combined
FDG-PET
MRI
Combined
MRI
MRI

Cohorts

Patients

N total (N in studies with nullfindings, %)

N total (N in studies with nullfindings, %)

19 (3, 15.8%)
65 (18, 27.7%)
11 (3, 27.3%)
95 (21, 22.1%)
13 (3, 23.1%)
42 (13, 31.0%)
55 (16, 29.1%)
5 (0, 0%)
11 (1, 9.1%)
15 (1, 6.7%)
4/6 (2, 33.3%)
5 (0, 0%)

295 (46, 15.6%)
1767 (475, 26.9%)
212 (74, 34.9%)
2274 (595, 26.2%)
240 (46, 19.2%)
1177 (368, 31.3%)
1417 (414, 29.2%)
92 (0, 0.0%)
256 (36, 14.1%)
348 (36, 10.3%)
139 (64, 46.0%)
57 (0, 0.0%)

Age (years)

Disease duration
(years)

MMSE

65.9
66.0
62.5
65.6
64.8
64.5
64.6
69.0
71.1
70.4
63.8
59.5

8.4 ± 4.6
7.1 ± 4.5
5.4 ± 2.6
7.2 ± 4.4
7.3 ± 4.2
6.8 ± 2.8
7.0 ± 3.3
10.7 ± 5.7
7.6 ± 3.9
8.7 ± 4.7
7.0 ± 3.0
8.1 ± 4.6

26.1
25.2
28.1
25.7
26.1
27.8
27.3
20.7
24.0
23.4
28.5
26.0

±
±
±
±
±
±
±
±
±
±
±
±

4.9
5.8
4.6
5.5
4.6
5.5
5.2
5.1
3.1
3.8
2.5
7.5

±
±
±
±
±
±
±
±
±
±
±
±

5.0
7.9
1.7
7.0
5.2
1.2
3.2
7.4
4.3
4.7
0.8
NA(1)

UPDRS-III

Hoehn and Yahr

29.8
18.6
32.5
22.4
30.1
24.0
25.7
20.9
29.7
27.3
22.6
22.2

2.7
1.5
1.8
1.9
2.5
2.1
2.2
3.3
2.7
2.9
2.2
2.1

±
±
±
±
±
±
±
±
±
±
±
±

20.5
10.9
17.0
14.9
23.0
7.2
13.6
8.8
7.3
8.3
6.4
0.8

±
±
±
±
±
±
±
±
±
±
±
±

0.9
1.0
0
1.1
0.9
0.4
0.6
0.4
0.8
0.8
0.7
0.1

Note: Data shown as mean ± standard deviation. Cohorts reporting null findings were subsequently excluded in our meta-analysis. *The MRI meta-analyses led to
non-significant results for the PD-Motor cohort, hence we do not elaborate on the results. (1)Only one study reported a value.
Abbreviations: DTI diffusion tensor imaging, MMSE Mini-Mental State Examination, MRI magnetic resonance imaging, NA not reported, PD-All all Parkinson's
disease patients, PD-Cog Parkinson's disease patients with cognitive impairment, PD-Motor Parkinson's disease patients with motor impairment, PD-WM white matter
atrophy in Parkinson's disease, FDG-PET [18F]-fluorodeoxyglucose-positron emission tomography, UPDRS-III motor score of Unified Parkinson Disease Rating Scale.

Fig. 2. Hypometabolism and atrophy in Parkinson's disease (PD) patients compared to controls. Upper rows: Meta-analysis of FDG-PET (249 PD/186 controls) and
MRI-VBM (1292 PD/1014 controls) studies. The SDM∩ALE conjunction highlights brain regions consistently found in both analyses. Anatomical regions are
highlighted only for these consistent results. Bottom row: The contrast analysis shows significant regions for the contrast FDG-PET > MRI-VBM. Images shown in
neurological convention in MNI space.
Abbreviations: ALE Anatomical Likelihood Estimation, CdN caudate nucleus, FDG-PET [18F]-fluorodeoxyglucose-positron emission tomography, FWE Family-Wise
Error rate, IPC inferior parietal cortex, mOC middle occipital cortex, MRI-VBM voxel-based morphometry analysis of magnetic resonance imaging, PD-All cohort of
all PD patients, SDM Seed-based D mapping.
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3. Results

patients with cognitive deficits (Fig. 3 and Table e-3, e-4). Conversely,
the conjunction analysis of SDM and ALE for the structural MRI metaanalysis showed no overlap. ALE detected atrophy in left hippocampus
only, while using SDM atrophy was seen in left insula, putamen,
claustrum, and right putamen, as well as in the globus pallidus (Fig. 3,
left side, Table e-5, e-6).
PD-Motor: The conjunction analysis on FDG-PET results revealed
consistent glucose hypometabolism in the PD-Motor < Controls comparison, i.e. PD patients with solely motor impairment, in the left
caudate nucleus, a motor structure. For structural MRI (Fig. 3, right
side, and Table e-3, e-4), the ALE meta-analyses did not provide significant results for the PD-Motor cohort.
PD-Inc: Right side of Fig. 3 and Table e-5 and e-6 display findings of
higher gray matter density in PD compared to controls (PD-Inc >
Controls). An overlap between SDM and ALE was found in basal
ganglia, i.e. caudate nucleus, putamen, globus pallidus, and thalamus.
White matter (DTI): DTI studies revealed lower fractional anisotropy
in PD compared to controls with consistent results for SDM and ALE in
the cingulate bundle close to the orbital and anterior cingulate gyri
(Fig. 3, bottom row, and Table e-7, e-8).
White matter (MRI-VBM): The conjunction analysis revealed white
matter atrophy in superior longitudinal fasciculus, internal capsule, and
extreme/external capsule in the vicinity of the right putamen and
globus pallidus in PD compared to controls. White matter atrophy was
further found in the superior occipitofrontal fasciculus, corpus callosum, corona radiata, external and internal capsule surrounding the
left caudate nucleus (Fig. 3, bottom row, and Table e-5, e-6).

3.1. Included studies
The PRISMA (Moher et al., 2009) flowchart, describing the selection
procedure, is displayed in Fig. 1. The overall meta-analysis included
2323 PD patients and 1767 healthy controls. Out of the total 74 studies,
50 implemented structural MRI (VBM), including 1816 PD patients.
Fourteen FDG-PET studies investigated 295 patients and ten wholebrain DTI studies comprised 212 patients. Only studies reporting significant findings are displayed in Table e-1. Notably, negative findings
(i.e. no difference comparing patients and controls) were reported in 14
(28% out of all) MRI studies, 3 (21.4%) FDG-PET, and 3 (30%) DTI
studies (Table e-2). As for the clinical subgroups, Table 1 displays the
number of subjects in each category stratified by imaging modalities.
3.2. Demographic and clinical characteristics
Considering significant studies, Table 1 displays means and standard deviations of descriptive variables for the entire sample, the
clinical subgroups, and the imaging modalities. Overall, the mean age
of PD patients was 65.6 ± 5.5 years (MRI 66.0 ± 5.8; PET
65.9 ± 4.9; DTI 62.5 ± 4.6) with a good balance between males and
females (m/f) 927/728 (MRI 711/561; PET 107/92; DTI 82/56). Disease duration was on average 7.2 ± 4.4 years (MRI 7.1 ± 4.5; PET
8.4 ± 4.6; DTI 5.4 ± 2.6).
Kruskal-Wallis tests showed no significant differences across imaging modalities for age (χ2 = 3.0), disease duration (χ2 = 1.9), and
severity (UPDRS-III χ2 = 5.9, MMSE χ2 = 1.2), guaranteeing a wellmatched analysis with balanced variables. For disease severity assessed
with the Hoehn & Yahr scale there was a significant difference between
the groups (χ2 = 9.0, df = 2, p = .011). The results should be interpreted with care, though, as 46% of the included studies did not report
and/or assess Hoehn & Yahr stage, 39% did not report MMSE, and 19%
did not report UPDRS-III. Accordingly, studies' comparability in
UPDRS-III scores seems to be more valid than the difference in Hoehn &
Yahr stages. Note that only two studies (Watanabe et al., 2013; Yarnall
et al., 2014) used the MDS-UPDRS scale (Goetz et al., 2008) instead of
the UPDRS scale (Fahn, 1987).

4. Discussion
In summary, our multimodal meta-analysis across whole-brain
imaging studies revealed that FDG-PET glucose hypometabolism is
more consistently associated with PD as compared to brain atrophy as
identified by MRI-VBM. Moreover, the meta-analysis on the subcohorts
provides an interesting initial glimpse into specific neural signatures of
different PD clinical phenotypes and into white matter changes in PD.
4.1. FDG-PET hypometabolism is more specific than MRI-VBM structural
changes in PD
We hypothesize that the reason behind the dissociation between
FDG-PET and MRI-VBM results lies in the different PD-related brain
changes captured by the two techniques. Indeed, structural MRI analyzed with VBM identifies morphological brain abnormalities
(Ashburner and Friston, 2000), while FDG-PET is a proxy of early
neuronal injury and synaptic dysfunction. Such functional brain alterations may antedate morphological changes by several years, as in
the case of Alzheimer's disease or Huntington's disease (Mosconi, 2013;
Tang et al., 2013). Indeed, FDG-PET studies have shown Alzheimer's
disease-related brain hypometabolism in cognitively intact subjects at
genetic risk (i.e. ε4 homozygous carriers) several years before disease
onset (Reiman et al., 1996). Similarly, multimodal imaging studies,
combining FDG-PET and structural MRI to investigate presymptomatic
genetic Alzheimer's disease, have shown that hypometabolism precedes
and exceeds atrophy in the early identification of brain abnormalities
(Gordon et al., 2018; Mosconi et al., 2006). In line with that, metabolic
changes were shown to be more sensitive to progression of the disease
than structural changes in preclinical Huntington's disease mutation
carriers (Tang et al., 2013). Thus, in analogy with Alzheimer's disease
and Huntington's disease, FDG-PET might be a more accurate biomarker for subtle brain abnormalities in PD. Of note, cohorts in FDGPET and MRI-VBM studies did not differ regarding age, disease duration, and disease severity, making respective biases unlikely. Although
differences in Hoehn & Yahr stage were evident, this comparison was
less reliable due to multiple missing data.
Since functional brain changes seem to be more relevant for PD

3.3. Meta-analysis on the PD-All cohort
Overlapping results of SDM and ALE were deemed significant and
are here reported. The PD-All < Controls comparison revealed significant glucose hypometabolism in the entire PD cohort in the bilateral
inferior parietal cortex and in the left caudate nucleus, independently of
the meta-analytical approach implemented (Fig. 2, top row, and
Table 2, e-3, e-4). The conjunction analysis of the PD-All < Controls
contrast revealed small focal gray matter atrophy in the middle occipital gyrus (Fig. 2, middle row, and Table 2, e-5, e-6).
3.4. Contrast analyses
The contrast analysis between FDG-PET and MRI-VBM showed only
significant findings in the FDG-PET > MRI-VBM contrast. Namely,
FDG-PET compared to MRI-VBM revealed brain changes in the left
caudate nucleus and right superior parietal cortex/precuneus (Fig. 2,
bottom row Table e-10).
3.5. Meta-analysis on subcohorts
The results of the meta-analysis of the subcohorts are displayed in
Fig. 3.
PD-Cog: Glucose metabolism was reduced in the bilateral inferior
parietal cortex and in the right orbitofrontal cortex with both metaanalytical algorithms in the PD-Cog < Controls comparison, i.e. in PD
5
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Table 2
Results for the PD-All cohort.
Cluster #

Volume (mm3)

Local maxima of ALE analyses in FDG-PET
1
1424
2
1416
3
4

1336
856

Local maxima of ALE analyses in MRI
1
976

Cluster #

Voxels

ALE Value

x

y

z

Region

0.022737322
0.015668042
0.015623625
0.023226662
0.017095294

−14
−42
−44
38
16

12
−56
−62
−64
12

4
50
36
48
4

Left caudate body
Left inferior parietal lobule
Left middle temporal gyrus
Right precuneus
Right caudate body

0.0337

−24

−90

24

Left middle occipital gyrus

SDM-Z

x

y

z

Region

Local maxima of SDM analyses in FDG-PET
1
2217
2
2070
3
568
4
466
5
186
6
45
7
43
8
28
9
27
10
26
11
25
12
22

−4.015
−3.528
−2.894
−3.185
−2.804
−2.590
−2.695
−2.509
−2.506
−2.508
−2.537
−2.574

−50
34
0
−6
46
−44
14
46
62
14
60
8

−62
−72
46
14
30
46
12
26
−32
−94
−50
−90

38
38
20
4
−12
−2
2
28
−12
16
−6
2

Left angular gyrus
Right middle occipital gyrus
Left superior medial frontal gyrus
Left caudate nucleus
Right inferior frontal gyrus
Left middle frontal gyrus
Right anterior thalamic projections
Right inferior frontal gyrus
Right middle temporal gyrus
Right cuneus cortex
Right middle temporal gyrus
Right calcarine fissure

Local maxima of SDM analyses in MRI
1
1952
2
1804
3
33

−3.304
−3.345
−2.746

−24
50
−24

−2
2
−90

−18
2
24

Left amygdala
Right rolandic operculum
Left superior occipital gyrus

Clusters below an effect-size estimate (SDM) threshold p < .001 and an anatomical likelihood estimate (ALE) threshold p < .05 FWE are listed. Coordinates are in
MNI space.

assessment, also resting-state functional MRI (rs-fMRI) could be employed to investigate the neural signature of PD. Indeed, recent metaanalyses on rs-fMRI studies in PD revealed functional alterations in
patients compared to controls in both motor (i.e. supplementary motor
areas, left putamen and premotor cortex) and non-motor (i.e. bilateral
inferior parietal and supramarginal gyri) networks (Pan et al., 2017;
Tahmasian et al., 2017). This result aligns with our FDG-PET findings,
pointing out that functional changes both inside and outside the motor
network, namely in the inferior parietal cortex, might represent a crucial hallmark of PD that has been neglected so far. Indeed, the inferior
parietal cortex is a higher order associative region that plays an important role in various mechanisms ranging from language (e.g. selecting gestures, verbal integration of complex contexts like sentences)
to spatial orientation (e.g. processing personal space, localization of
objects) as well as motor functions (e.g. tactile reception of complex
movements and interaction with objects) (Culham and Kanwisher,
2001). There is even evidence of mirror neurons in the inferior parietal
cortex, which encode goals of motor acts (Rizzolatti et al., 2009). Impairment in this region can lead to the well-described effect of spatial
hemineglect and further to dysfunction in autobiographical memory, as
in the case of Alzheimer's disease, and visual disorientation or mislocalization (Berryhill et al., 2007; Culham and Kanwisher, 2001;
Schroeter et al., 2009).
Moreover, we found consistent hypometabolism in the PD-all cohort
in the left caudate nucleus, a core structure in the basal ganglia network
that, together with the putamen, serves as input structure for nigrostriatal projections (Fallon, 1988). Of note, the conjunction analysis
showed a consistent hypometabolism in the left, but not right, caudate
nucleus. Different reasons may account for this finding. First, majority
of patients with PD present and progress in their parkinsonism unilaterally. In the recent diagnostic criteria by Postuma et al. (2015) bilateral motor symptoms at onset are even considered as a red flag to
exclude the diagnosis of PD. Second, SDM additionally identified the
right caudate nucleus as compromised by PD, suggesting that our

unilateral finding may have been due to statistical power effects or the
differences in algorithms.
Moreover, the result of a consistent caudate hypometabolism in the
PD-motor subgroup, but not in the PD-Cog subgroup, is to a certain
extent surprising. On the one hand, several previous studies have drawn
a link between caudate nuclei function and cognitive deficits – mainly
executive functions (Grahn et al., 2008) – in PD with and without dementia (Apostolova et al., 2010; Polito et al., 2012). On the other hand,
motor symptoms, particularly rigidity and bradykinesia, are generally
associated with dysfunctions in the posterior putamen that shows an
earlier and faster decline in dopamine function as compared to the
caudate nucleus (Pavese and Brooks, 2009). However, an interesting
observation comes from a dual-tracer PET study from Holtbernd et al.
(2015) that investigated the relationship between dopaminergic dysfunction and glucose metabolism in a large PD cohort. The study reports
significant correlations between dopamine function in the caudate nucleus and the expression of both motor- and cognition-related metabolic
patterns in PD, while dopaminergic activity in the putamen was related
only to the expression of the motor-related PD pattern. This result
supports the role of the posterior putamen in PD motor impairment,
while the involvement of the caudate nucleus seems to be implicated in
both cognitive and motor symptoms. Of note, many of the studies
showing involvement of the putamen in PD by means of FDG-PET applied spatial covariance analysis and reported relative increases in
glucose metabolism in the putamen (Eckert et al., 2007). This approach
is intrinsically different from the univariate voxel-based statistics implemented by the FDG-PET studies that were object of the present metaanalytical work.
Notably, the subcohort analyses on the FDG-PET data revealed that
glucose hypometabolism in cortical associative parietal regions is
mainly related to cognitive impairment in PD, while hypometabolism in
the caudate nucleus is more strongly associated with the motor phenotype. This might indicate that functional changes outside the basal
ganglia are more associated with the presence of cognitive deficits in
6
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Fig. 3. Hypometabolism and atrophy across Parkinson's disease (PD) clinical subgroups and white matter changes comparing PD to controls. The SDM∩ALE conjunction highlights brain regions consistently found in both analysis algorithms. Anatomical regions are highlighted only for these consistent results. Images shown in
neurological convention in the MNI space.
Abbreviations: ALE Anatomical Likelihood Estimation, CdN projections surrounding caudate nucleus, DTI diffusion tensor imaging, FDG-PET [18F]-fluorodeoxyglucose-positron emission tomography, FWE Family-Wise Error rate, GP projections surrounding globus pallidus, IPC inferior parietal cortex, MRI-VBM voxel-based
morphometry analysis of magnetic resonance imaging, OFC orbitofrontal cortex, PD-Cog PD with cognitive impairment, PD-Inc gray matter increases in PD, PDMotor idiopathic PD with only motor symptoms, PU putamen/projections surrounding putamen, SDM Seed-based D mapping.

PD, as previously suggested (Huang et al., 2007; Lopes et al., 2017).
Hypometabolism in parietal associative areas is also a hallmark of
Alzheimer's disease, thus limiting the specificity of our finding as PD
biomarker (Schroeter et al., 2009). Also the caudate nucleus, due to its
connectivity with prefrontal regions, may play a role in the emergence
of cognitive dysfunction in PD beside motor deficits (Brück et al.,
2000). Disease specificity of glucose hypometabolism in this brain region for PD is not guaranteed as it has also been reported in behavioral
variant frontotemporal dementia and nonfluent/agrammatic variant of
primary progressive aphasia (synonymous with progressive non-fluent
aphasia) (Bisenius et al., 2016; Schroeter et al., 2014).
Remarkably, five out of the 14 FDG-PET studies reported hypermetabolism in PD as compared to controls, but no significant result
was found applying the meta-analytical procedure. Relative metabolic
increases in the putamen, globus pallidus, pons and cerebellum have
been consistently reported as a crucial feature of the PD-related spatial
covariance pattern (Eckert et al., 2007). However, the identification of
real FDG-PET hypermetabolism in PD has been questioned, as increased
glucose metabolism could be the result of the intensity normalization
procedure applied in PET analysis. For example, Borghammer et al.
(2009) showed that regional (i.e. mainly subcortical) metabolic increases in PD as compared to controls might artifactually emerge as a
consequence of global mean normalization when lower global values
characterize the patient group. A comparable finding has been reported
for Alzheimer's disease and frontotemporal lobar degeneration (Dukart
et al., 2011). However, (Ma et al., 2009) reported that global values in
early PD stages are identical to those of healthy controls and that
subcortical metabolic increases also correlate with clinical measures. In

our meta-analysis, studies reporting hypermetabolism in PD, especially
in subcortical structures, applied global mean normalization, while
none of the studies that used either normalization to white matter,
cerebellum, pons or absolute FDG-PET measures found increased metabolism. This fact might support the assumption of artefactual increases in metabolism due to normalization to the global mean, although other reasons are still possible. Table e-9 reports different
intensity normalization procedures for FDG-PET studies.
Finally, our meta-analysis considered whole-brain FDG-PET studies
generally applying univariate statistics to compare patients and controls. A consistent body of literature on multivariate network analysis
has also demonstrated the usefulness of FDG-PET (Eidelberg, 2009).
Several studies identified the so-called PD-related covariance pattern
(PDRP) that distinguishes PD patients from healthy controls
(Niethammer and Eidelberg, 2012). This metabolic pattern has high
accuracy (sensitivity 84%, specificity 97%) in differentiating PD from
atypical parkinsonism, is modulated by treatment and is predictive for
disease progression (Niethammer and Eidelberg, 2012; Tang et al.,
2010). This supports the relevance of functional brain changes as PD
biomarkers, which in future might be improved by focusing analyses on
the prototypical networks identified in our meta-analyses.
4.2. MRI-VBM changes in PD are heterogeneous and unspecific
In contrast with FDG-PET, we did not find a specific consistent
pattern of structural brain changes in PD as detected by whole-brain
MRI-VBM analysis. This was also apparent in the contrast analyses
where we obtained significant differences only for the FDG7
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PET > MRI-VBM contrast. The PD-all < controls comparison revealed
only minor atrophy in the middle occipital gyrus. Similarly to our study,
also previous meta-analyses investigating structural changes in PD
showed only minor and heterogeneous changes (Pan et al., 2012; Shao
et al., 2014; Shao et al., 2015; Yu et al., 2015). Furthermore, the high
number of MRI-VBM studies reporting null findings for the patients vs.
controls comparison indicates that gray matter changes in PD are unspecific and heterogeneous. Additionally, the neuropathological criteria
for PD only describe morphological changes in the substantia nigra pars
compacta and Lewy pathology as specific pathological signatures of PD
even in late phases of the disease (Dickson et al., 2009). Concerning the
subcohort analyses, both the meta-analyses in PD with solely motor
(PD-Motor) and additional cognitive symptoms (PD-Cog) did not reveal
consistent results between the two meta-analytical approaches. This
further confirms the inadequacy of atrophy and structural MRI in PD.
Notwithstanding, implementing structural MRI could be more useful in
the diagnostic workout when guided by a priori hypothesis (e.g. focusing on the substantia nigra) and applying recent technical MRI improvements, such as relaxometry, magnetization transfer, and neuromelanin-sensitive imaging (Lehericy et al., 2012). In addition, more
sophisticated machine learning approaches have been proposed for the
detection of morphometric PD imaging biomarker, providing high accuracy in differentiating PD patients and controls (Peng et al., 2017).
Surprisingly, we found higher gray matter volume in the right lentiform nucleus and thalamus in PD compared to controls. According to
Braak's staging model of disease spreading, the degeneration of the
thalamic nuclei is a PD hallmark (Braak et al., 2003). The higher gray
matter volume might be a compensatory mechanism to counteract the
reduction of inhibitory input to the thalamus (Lin et al., 2013). Indeed,
it has been proposed that PD leads to a reduction of the inhibitory input
from the globus pallidus and the substantia nigra to the thalamus and a
consequent derangement of the thalamic excitatory output to the
cortex.

affected by this heterogeneity. Additionally, our study could not disentangle the influence of pharmacological treatment on PD and the
disease process itself, because almost all studies investigated medicated
subjects. The aim of our meta-analysis was to identify PD-specific
imaging biomarkers to support the diagnosis in the earliest disease
stages. However, most of the included studies were performed with
patients who have had the disease for several years (mostly in intermediate disease phase), making sub-meta-analyses for early PD unfeasible. We believe that defining biomarkers on subjects in moderate
disease stages and applying them at earlier time points, i.e. in de-novo
patients or even in pre-symptomatic subjects, is a valid approach. This
research strategy has been successfully applied in the case of
Alzheimer's disease (see for example Bateman et al., 2012; Mosconi
et al., 2004; Whitwell et al., 2007). Finally, we remark once again the
exploratory nature of the subcohort analysis given the limited number
of included studies. Accordingly, future validation of the meta-analysis
in independent cohorts is necessary. Specificity and sensitivity of the
suggested PD-specific brain regions for differential diagnosis should be
validated in large, preferably multicenter, and independent patient
cohorts. This approach has already been successfully applied to other
neurodegenerative diseases such as Alzheimer's disease and frontotemporal lobar degeneration (Dukart et al., 2013; Dukart et al., 2011).
As for the DTI studies, we recognize that the choice of focusing on
whole-brain investigations reduced the number of included studies and
penalized the results of its diagnostic accuracy. Indeed, as aforementioned, the in vivo tractography of the projections of the substantia
nigra provided promising results in classifying patients with PD (Haller
et al., 2012).
5. Conclusion
This multimodal and cross-validation meta-analysis aimed at exploring potential imaging biomarkers for PD beyond dopaminergic
imaging. The novelty of the meta-analysis is to statistically validate
convergence of published results and hence draw solid conclusions with
a higher statistical power than single studies. Consistent glucose hypometabolism was found in bilateral inferior parietal cortex and left
caudate nucleus combining both meta-analytic methods. Glucose hypometabolism in PD was confirmed in subcohort analyses and related to
cognitive deficits (inferior parietal cortex) and motor symptoms (caudate nucleus). Structural MRI showed only small focal gray matter
atrophy in the middle occipital gyrus that could not be confirmed in
subcohort analyses. DTI revealed fractional anisotropy reduction in the
cingulate bundle in the vicinity of the orbital and anterior cingulate gyri
in PD. Our meta-analysis suggests that, when applying data-driven
whole-brain analysis to neuroimaging data, functional changes as assessed by FDG-PET better characterize PD as compared to structural
alterations investigated by MRI-VBM and DTI. Results suggest focusing
the search of PD imaging biomarkers on functional rather than structural brain abnormalities. To date neither atrophy nor glucose hypometabolism offer disease-specific imaging biomarkers for PD as the
latter regionally overlaps with other neurodegenerative diseases.

4.3. White matter changes: preliminary evidence
Voxel-wise white matter changes were investigated with both MRIVBM and DTI. The former revealed widespread white matter changes,
while the latter indicated the cingulate bundle near the orbital and
anterior cingulate gyri as more affected. These findings are in line with
the non-motor symptoms of PD. Orbitofrontal gyri are involved in
sniffing and smelling (Sobel et al., 1998). Notably, olfactory dysfunction is one of the earliest features of prodromal PD, preceding disease
onset by years to decades (Postuma et al., 2015). The anterior cingulate
cortex has been associated with behavioral symptoms in PD (Tekin and
Cummings, 2002). However, generalizability of these findings is undermined by the small number of studies in the analysis. As aforementioned, combining the knowledge from histopathological findings
and in vivo brain imaging could provide a more accurate PD biomarker.
Indeed, DTI studies that focused on the substantia nigra have shown
high accuracy in discriminating PD patients from healthy controls
(Cochrane and Ebmeier, 2013).
4.4. Limitations of the study
This is, to our knowledge, the largest whole-brain meta-analysis
comparing PD patients and controls and the only multimodal study
combining MRI, FDG-PET, and DTI. The replicability of our findings is
assured by the combination of independent meta-analytic algorithms.
Nevertheless, we recognize some limits. First, all included studies lack
PD histopathological confirmation, as studies on autopsy-proven cases
are extremely rare. Second, methodological and technical differences
exist among the included studies, e.g. in field-strength of MR scanners,
processing protocols, or data modulation. However, the impact of these
differences on our results is limited since the meta-analytical algorithms
only take maxima into account and not the cluster size that is more
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