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Positron emission tomography (PET) allows detecting molecular brain changes in vivo. However, the accuracy
of PET is limited by partial volume eﬀects (PVE) that aﬀects quantitative analysis and visual interpretation of
the images. Although PVE-correction methods have been shown to eﬀectively increase the correspondence of
the measured signal with the true regional tracer uptake, these procedures are still not commonly applied,
neither in clinical nor in research settings. Here, we present an implementation of well validated PVE-correction
procedures as a SPM toolbox, PETPVE12, for automated processing. We demonstrate its utility by a
comprehensive analysis of the eﬀects of PVE-correction on amyloid-sensitive AV45-PET data from 85 patients
with Alzheimer's disease (AD) and 179 cognitively normal (CN) elderly. Eﬀects of PVE-correction on global
cortical standard uptake value ratios (SUVR) and the power of diagnostic group separation were assessed for the
region-wise geometric transfer matrix method (PVEc-GTM), as well as for the 3-compartmental voxel-wise
“Müller-Gärtner” method (PVEc-MG). Both PVE-correction methods resulted in decreased global cortical
SUVRs in the low to middle range of SUVR values, and in increased global cortical SUVRs at the high values. As
a consequence, average SUVR of the CN group was reduced, whereas average SUVR of the AD group was
increased by PVE-correction. These eﬀects were also reﬂected in increased accuracies of group discrimination
after PVEc-GTM (AUC=0.86) and PVEc-MG (AUC=0.89) compared to standard non-corrected SUVR
(AUC=0.84). Voxel-wise analyses of PVEc-MG corrected data also demonstrated improved detection of
regionally increased AV45 SUVR values in AD patients. These ﬁndings complement the growing evidence for
a beneﬁcial eﬀect of PVE-correction in quantitative analysis of amyloid-sensitive PET data. The novel
PETPVE12 toolbox signiﬁcantly facilitates the application of PVE-correction, particularly within SPM-based
processing pipelines. This is expected to foster the use of PVE-correction in brain PET for more widespread use.
The toolbox is freely available at http://www.ﬁl.ion.ucl.ac.uk/spm/ext/#PETPVE12.

1. Introduction
Positron Emission Tomography (PET) imaging is a nuclear medicine imaging technique that enables the quantitative assessment of
molecular brain processes in vivo. However, brain PET images are still
diﬃcult to interpret because of the limited spatial resolution of current
generation PET scanners, which causes the image signal to suﬀer from
partial volume eﬀects (PVE), i.e. the measured signal at a given gray
matter (GM) region reﬂects a mixture of the true regional signal with

signal from surrounding brain tissue (Hoﬀman et al., 1979). The
magnitude of this eﬀect is particularly pronounced when the size of the
measured GM region is small compared to the resolution of the
reconstructed PET image (Hoﬀman et al., 1979). Hence, PVEs become
more severe due to regional brain atrophy as occurring in advanced
aging and neurodegenerative disease. For PET tracers characterized by
relatively high GM signal compared to the surrounding tissue (e.g. 18Fﬂuorodeoxyglucose [FDG]), this can lead to substantial underestimation of the true GM activity, whereas overestimation of the GM signal is
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to the logistic diﬃculties of implementing the methods in commercial
software.

to be expected in settings where the true tracer signal is relatively low
compared to the signal in adjacent tissue (e.g. high unspeciﬁc white
matter binding in amyloid-PET scans) (Matsubara et al., 2016;
Schmidt et al., 2015). PVE correction (PVEc) is intended to account
for the mixing of signals from diﬀerent tissue types in the measured
PET signal in order to provide a better approximation of the true
regional tracer uptake.
Multiple PVEc algorithms have been proposed, some of which
require only the PET image itself (reviewed in Erlandsson et al., 2012),
whereas more robust methods make use of detailed anatomical
information provided by a high-resolution MRI scan from the same
subject to correct the estimated GM signal, either at the voxel level
(Muller-Gartner et al., 1992) or for segmented brain regions (Rousset
et al., 1998a).
PVEc methods have been shown to adequately model the mixing of
signals from neighboring tissues and to increase the correspondence of
the measured PET signal with the true regional tracer uptake
(Erlandsson et al., 2012). However, PVEc methods also depend on a
range of model assumptions that may not always hold true or may only
be roughly approximated in the imaging data, resulting in PVEcinduced noise ampliﬁcation (Erlandsson et al., 2012; Greve et al., 2016;
Hogenauer et al., 2016; Thomas et al., 2011). Hence, the net eﬀect of
PVEc on the power of PET to detect disease-related changes is not
always clear a priori which has limited its routine application (Soret
et al., 2007). Furthermore, the net eﬀect of PVEc on the diagnostic
power of PET depends on the tracer as well as on the particular
diagnostic context and study endpoint. Thus, whereas PVEc does not
improve the diagnostic potential of FDG-PET for distinguishing
between AD patients and healthy controls (Ibanez et al., 1998;
Meltzer et al., 1996; Samuraki et al., 2007), it should be beneﬁcial
for a more accurate detection of AD-related cortical amyloid pathology
with recently developed amyloid binding PET radiotracers, given that
these typically suﬀer from high unspeciﬁc white matter binding and
ensuing signal spill-in eﬀects (Matsubara et al., 2016; Schmidt et al.,
2015). However, for novel PET tracers such as these, there is relatively
less information available regarding the eﬀects of PVEc.
Apart from the concerns about the diagnostic ﬁtness of PVEc-based
analyses, a more pragmatic reason for the limited use of PVEc in PET,
even in research settings, may be the lack of PVEc processing routines
in most of the commonly used open-source software packages for
medical image processing and analysis, such as SPM (http://www.ﬁl.
ion.ucl.ac.uk/spm/), FSL (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL), or
AFNI (http://afni.nimh.nih.gov/afni/). Thus, most researchers who
wish to apply PVEc methods to their PET data are currently forced to
use external software packages for this task, most notably the
commercial software PMOD (PMOD Technologies Ltd., Adliswil,
Switzerland) or a specialized free software package called PVElab
(Quarantelli et al., 2004). While these packages are in the main
compatible, the external PVEc routines do not seamlessly integrate
into the processing workﬂows of current releases of the major opensource analysis suites.
The objective of the present work was to implement the best
validated voxel- and region-based PVEc methods as an easy to use
toolbox for the SPM software (Ashburner and Friston, 2000), one of the
most widely used open-source software packages for PET image
processing and analysis. Usage and utility of the methods provided
by the toolbox is demonstrated in an analysis assessing the eﬀects of
PVEc on AV45-PET (Florbetapir F18) data. AV45-PET belongs to the
family of novel F18-labeled amyloid binding radiotracers that are of
critical importance in the ﬁeld of Alzheimer's disease (AD) and
neurodegenerative disease research (Clark et al., 2011; Villemagne
et al., 2012). Although initial evidence for a beneﬁcial eﬀect of PVEc
methods on tracer quantiﬁcation in amyloid-sensitive PET data has
been reported recently (Brendel et al., 2015; Matsubara et al., 2016;
Rullmann et al., 2016; Su et al., 2016), PVEc is not yet commonly
applied to amyloid-PET in clinical or research settings, presumably due

2. Methods
2.1. Correction of partial volume eﬀects in PET images
Correction for PVE in PET images was implemented in the
PETPVE12 toolbox using two well-established PVEc algorithms: the
voxel-wise method as deﬁned by Muller-Gartner et al. (1992) (PVEcMG), as well as the region-based geometric transfer matrix method
(PVEc-GTM) (Rousset et al., 1998a).
2.1.1. Voxel-based PVEc: background and implementation
The PVEc-MG method is a three compartment PVEc method, which
extends simpler two compartmental approaches that only distinguish
between brain parenchyma and surrounding CSF signal (Meltzer et al.,
1996; Videen et al., 1988), and is currently one of the most widely used
MRI-based methods for voxel-wise PVEc of PET images (Erlandsson
et al., 2012). In brief, the method assumes that the observed PET signal
in any given GM voxel is a spatial weighted average of the true tracer
uptake signal in the GM voxel and the signal in surrounding white
matter (WM) and cerebrospinal ﬂuid (CSF), where the spatial weighting is determined by the point spread function (PSF) of the PET
scanner. The proposed PVEc algorithm consists of correcting possible
signal spill-in eﬀects into the GM compartment, as well as signal spillout into the surrounding tissue:

CPVEc − GM =

Cobs − CWM (WM ⊕ PSF )−CCSF (CSF ⊕ PSF )
GM ⊕ PSF

where Cobs is the observed GM signal in the acquired PET scan; GM, WM
and CSF are the respective tissue compartments, convolved by the scanner
PSF; CWM and CCSF are the tracer activities in WM and CSF (which are
assumed to be homogeneous, i.e. constant, in these tissue classes).
2.1.2. Region-based PVEc: background and implementation
An alternative method to the voxel-based PVEc was introduced by
(Rousset et al., 1997, 1998a). This method attempts to recover the
mean tracer signals within a set of non-overlapping regions-of-interest
(ROI) representing diﬀerent brain structures and tissue types, usually
segmented in MRI (or CT) as a priori information.
Here, the true tracer uptake is assumed to be homogeneous within
each ROI considered and spill-over eﬀects between the diﬀerent ROIs
are estimated by convolving the binary ROI masks with the scanner PSF.
To derive an estimate of the relative inﬂuence that the signal in a given
ROI “A” exerts onto the measured signal in its neighboring ROI “B”, the
ROI mask “A” is convolved by the PSF (creating the regional spread
function, RSF), and the probabilistically weighted sum of voxels overlapping the ROI “B” is calculated. This overlap is then divided by the
total number of voxels in ROI “B”. These estimates (or weights) form a so
called geometric transfer matrix (GTM) with elements ωij describing the
estimated spill-over eﬀects between all pairs of brain regions:

ωij =

1
νj

∫

RSFi (r ) dr

ROIj

ωij represent the fraction from ROIi that overlaps the ROIj with
volume vj and r is the space coordinate in the image space.
The observed regional intensity values (tj) are considered to reﬂect
a transformation of the true regional tracer concentrations (Tj) due to
spill-over eﬀects between regions with diﬀerent intensity proﬁles. This
transformation is estimated in the GTM, and thus the true tracer
concentrations at each region (Tj) can be obtained by:

Tj =GTM−1*t j
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WM binding signal (Matsubara et al., 2016; Schmidt et al., 2015;
Villemagne et al., 2012). Accordingly, a background region is automatically created by the GTM module before region-based correction is
performed, and an additional option to deﬁne distinct WM regions (as
opposed to the standard segmented WM tissue map) is provided.

2.2. PETPVE12 - partial volume eﬀect correction toolbox
2.2.1. PVEc-MG module
Together with the subject's PET image, the main inputs for this
module are the GM, WM and CSF tissue maps derived from segmenting the structural MRI scan. By default, these are deﬁned in the toolbox
as probabilistic maps generated by an adapted version of the segmentation algorithm included in the VBM8 toolbox (http://www.neuro.unijena.de/vbm/download/; see details below, Section 2.3.4), but the
toolbox also accepts probabilistic maps derived from other
segmentation algorithms (such as those inherent to SPM12). As an
additional option, the tissue maps may also be deﬁned as binary tissue
maps, such as the “PVE-labeled images” generated by the VBM8
toolbox (detailed info can be found in the VBM8 documentation).
Several choices exist for estimating the WM signal (CWM) used in the
PVEc-MG algorithm. The default approach is to estimate CWM by
measuring the average signal within a WM ROI derived from
thresholding the WM tissue probability map of the normalization
template, which is then propagated to native space by the inverse
warping parameters identiﬁed through spatial normalization of the
subject's MRI scan. However, other user-deﬁned WM ROIs (e.g. the
centrum semiovale) in native or normalized space may also be used. In
order to minimize atlas propagation inaccuracies the default
normalization approach uses the high-dimensional non-linear
registration algorithm “DARTEL” (Ashburner, 2007; Klein et al.,
2009; Martino et al., 2013) in combination with a DARTELcompatible MNI space template provided by the VBM8 toolbox (the
“IXI550_MNI152” template; see http://dbm.neuro.uni-jena.de/vbm8/
VBM8-Manual.pdf for details). Alternatively, the CWM value can also be
estimated as the average activity within the subject's segmented WM
map in native space, for which the intensity threshold applied to the
probabilistic WM tissue map is set by the user. As a third option, the
module also allows using the corrected WM signal obtained by the
GTM method as the constant factor in the PVEc-MG algorithm; a
method known as the “modiﬁed MG” approach (Rousset et al., 1998b).
For CSF, the default option is to estimate the signal analogously to
the WM compartment, but, if justiﬁed by prior knowledge, the CSF
signal can be set to zero (i.e. no tracer uptake) in this compartment
(Erlandsson et al., 2012; Quarantelli et al., 2004).

2.2.3. Atlas-based quantiﬁcation
As an additional utility, the toolbox oﬀers a module with diﬀerent
options for the extraction of regional signals from the PET data. While
regional signal extraction is inherent in the GTM method, this module
may be used to extract regional signals from non-corrected PET data or
the voxel-wise maps generated by the PVEc-GM module. The utility
requires the speciﬁcation of a parcellation atlas or a set of single ROIs,
which can be deﬁned either in an individual's native space or in a
reference space template. In the latter case, an additional ﬁle has to be
provided that describes the spatial mapping between native space and
the reference template space.
2.3. Partial volume eﬀects correction of AV45-PET data
In order to demonstrate the utility of the methods provided by the
PETPVE12 toolbox, we assessed the eﬀects of the two diﬀerent PVEc
methods on a large sample of AV45-PET scans provided by the
Alzheimer's Disease Neuroimaging Initiative (ADNI).
2.3.1. Subjects
Analyses included AV45-PET and structural MRI data of 264
subjects enrolled in the ADNI-2 study (http://www.adni-info.org/),
including 179 cognitively normal older individuals (CN) and 85 AD
dementia patients. General inclusion criteria in the ADNI study are an
age between 55 and 90 years, a modiﬁed Hachinski score≤4, education
of at least 6 grade level, and stable treatment of at least 4 weeks in case
of treatment with permitted medication (for full list see http://www.
adni-info.org, Procedures Manual). Detailed description of the
diagnosis-speciﬁc ADNI inclusion and exclusion criteria can be found
at the ADNI website (http://www.adni.loni.usc.edu/methods/). Brieﬂy,
CN subjects have “Mini-Mental State Examination” (MMSE) (Cockrell
and Folstein, 1988) scores between 24 and 30 (inclusive; MMSE test
range 0–30), a “Clinical Dementia Rating” (CDR; test range 0–3)
(Morris, 1993) score of 0, non-depressed, non-MCI, and nondemented. AD dementia patients have MMSE scores between 20 and
26 (inclusive), CDR scores of 0.5 or 1.0, and meet NINCDS/ADRDA
criteria for probable AD (McKhann et al., 1984). Sample characteristics
of the CN and AD groups included in this study are summarized in
Table 1.

2.2.2. PVEc-GTM module
For the PVEc-GTM, the series of continuous non-overlapping ROIs
is usually obtained from an anatomical atlas deﬁned on individual high
spatial resolution MRI. By default, the toolbox deﬁnes neuroanatomical
regional delimitations in MNI space according to those of the Desikan
Killiany atlas (Desikan et al., 2006). However, given that the correction
outcome of PVEc-GTM depends on the deﬁnition of the brain regions
that are being considered in the algorithm (Edison et al., 2013), the
toolbox provides the ﬂexibility to let the user specify the preferred
anatomical (or functional) cerebral parcellation atlas in template space
(for an overview of some of the most widely used brain atlases in MNI
space see e.g. http://www.lead-dbs.org/?page_id=1004; the
PETPVE12 toolbox itself currently only includes the Desikan-Killiany
atlas). In any case, the module propagates the template space
parcellation atlas of choice to the individual MRI and then limits the
ROIs to the segmented GM tissue, thresholded at 50% gray matter
probability (Firbank et al., 2008; Rodrigue et al., 2012; Sun et al.,
2007; Wong et al., 2010). Atlas propagation is based on inverse
warping using the deformation ﬁelds obtained from spatial
normalization of the subject's MRI scan (Ashburner, 2007).
Previous work has shown that a trustworthy PVEc on a region-basis
should not be limited to correcting spill-over eﬀects between diﬀerent
GM structures of interest, but must also consider spill-over eﬀects from
WM and extra-parenchymal background signal (Brendel et al., 2014;
Thomas et al., 2011). This is especially important in the case of existing
amyloid binding radiotracers, which usually exhibit high unspeciﬁc

2.3.2. Imaging data acquisition
ADNI-2 MRI data were acquired on multiple 3 T MRI scanners
using scanner-speciﬁc T1-weighted sagittal 3D MPRAGE sequences. In
order to increase signal uniformity across the multicenter scanner
platforms, original MPRAGE acquisitions in ADNI undergo standardized image pre-processing correction steps. AV45-PET data were
Table 1
Group demographics.

N
Age (years)
Gender (F/M)
Education
MMSE

CN subjects

AD patients

179
73.8 ± 6.4
91/88
16.6 ± 2.5
29.1 ± 1.2

85
75.6 ± 8.3
36/49
15.7 ± 2.8*
22.9 ± 2*

AD: Alzheimer's disease; differences compared to cognitively normal control group (CN).
Data are mean ± standard deviation; N: number of participants in each diagnostic
group; F/M: female/male; MMSE: Mini Mental Status Examination.
*
Statistically signiﬁcant (P < 0.05).
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ﬁelds derived from DARTEL registration of the coregistered MRI scans
to the reference template. Warped images were smoothed with a
Gaussian kernel of 8 mm.

acquired on multiple instruments of varying resolution and following
diﬀerent platform-speciﬁc acquisition protocols. Similar to the MRI
data, PET data in ADNI undergo standardized image pre-processing
correction steps aimed at increasing data uniformity across the multicenter acquisitions. All images were retrieved from the ADNI database
server in the most fully pre-processed format (Advanced search: “AV45
Coreg, Avg, Std Img and Vox Siz, Uniform Resolution” for PET data;
and: “MR_MT1, GradWarp, N3m” for MRI data). More detailed
information on the diﬀerent imaging protocols employed across
ADNI sites and standardized image pre-processing steps for MRI and
PET acquisitions can be found on the ADNI website (http://adni.loni.
usc.edu/methods/).

2.3.5. Statistical analysis
2.3.5.1. Eﬀect of PVEc on cortical AV45 standard uptake value
ratios. For each of the two PVEc methods, the eﬀect on global
cortical SUVRs was assessed qualitatively using Bland-Altman plots,
i.e. by plotting the diﬀerence between the corrected and non-corrected
values against the mean of the two values. In addition, for each
diagnostic group separately, the diﬀerences between PVEc and noncorrected SUVRs were assessed using paired t-tests.

2.3.3. MRI processing
The PETPVE12 toolbox includes the automated segmentation
approach implemented in the VBM8 toolbox, which is described in
detail elsewhere (Gaser, 2009). Brieﬂy, segmentation is ﬁrstly obtained
from the intensity distribution of the image. Separation into diﬀerent
tissue compartments (GM, WM and CSF) is based on an adaptive
Maximum a Posterior (AMAP) approach (Rajapakse et al., 1997) with
partial volume estimation (Tohka et al., 2004), and is further reﬁned by
applying an iterative hidden Markov random ﬁeld model (Cuadra et al.,
2005) to remove isolated voxels which are unlikely to belong to a
determinate tissue type or are unable to be classiﬁed. Intensity values
in the resulting maps represent a probability to belong to a pure tissue
type (Gaser, 2009). The segmentation algorithm implemented in the
toolbox has been modiﬁed to automatically create a brain mask, which
may be used for skull-stripping before PET-MRI coregistration.
Due to the speciﬁc characteristics of our study population consisting of aged and demented subjects, segmented tissue compartments
were high-dimensionally registered to an aging/AD-speciﬁc reference
template instead of the toolbox's default MNI template (Grothe et al.,
2013), which is intended to reduce a potential registration bias between
AD patients and controls (Shen et al., 2012; Sun et al., 2007).

2.3.5.2. Eﬀect of PVEc on group diﬀerences in AV45 standard uptake
value ratios. For each processing approach (non-corrected, PVEc-MG
and PVEc-GTM), diagnostic group diﬀerences (AD vs CN) in global
cortical SUVRs were assessed using two-sample t-tests of the group
means. In addition, eﬀect sizes of the group diﬀerences in global
cortical SUVRs were assessed using standardized Cohen's d. Finally,
the eﬀect of PVEc on the accuracy of diagnostic group discrimination
was assessed by computing Area Under the Curve (AUC) values derived
from Receiver Operating Characteristic (ROC) analyses. 95%
conﬁdence intervals (CI) and signiﬁcance of diﬀerences between AUC
values derived from the diﬀerent processing approaches were
calculated using a bootstrap approach with 10,000 iterations
implemented in the R-package “pROC” (Robin et al., 2011).
In addition to the analysis of commonly used global cortical SUVRs,
we also assessed regional eﬀects of PVEc on the voxel-level, which is a
unique feature of the PVEc-MG approach. Thus, voxel-wise diﬀerences
in AV45 SUVR between the CN and AD groups were assessed using 2sample t-tests on non-corrected and PVEc-MG corrected AV45 PET
images. Both statistical models included age and gender as covariates
while proportional scaling the data to the whole cerebellum mean.
Eﬀects were assessed at a voxel-wise statistical threshold of p < .05,
corrected for multiple comparisons using the family wise error rate.

2.3.4. AV45-PET processing and quantiﬁcation
AV45-PET data were coregistered to the structural MRI data and
corrected for PVE using the voxel-wise PVEc-MG and the region-wise
PVEc-GTM methods as described above. Study-speciﬁc settings included speciﬁcation of an isotropic PSF of 8 mm (the eﬀective image
resolution of the ADNI AV45-PET data; toolbox default is 7 mm) and a
brain parcellation based on the “Hammers” anatomical atlas
(Hammers et al., 2003) for the PVEc-GTM module (Brendel et al.,
2015) (atlas not included in the toolbox, but available upon
request
from:
http://brain-development.org/brain-atlases/adultbrain-maximum-probability-map-hammers-mith-atlas-n30r83-inmni-space/). The brain parcellation atlas in MNI space was matched to
our study-speciﬁc aging/AD reference template using DARTEL
registration. Global cortical standard uptake values (SUV) were
calculated for each of the diﬀerent processing approaches (noncorrected, PVEc-MG and PVEc-GTM corrected). For non-corrected
and PVEc-GM data this was done by sampling the average signal within
a neocortical composite mask in native space, created by inverse
propagation of a reference space mask covering frontal, parietal,
lateral temporal, insula, anterior and posterior cingulate cortices, and
excluding those regions that are considered to be relatively preserved in
AD (pre-, para- and post-central gyrus, medial temporal and occipital
cortices) (Teipel et al., 2014). For the region-based PVEc-GTM method,
global cortical SUVs were calculated by computing a volume-weighted
average of the corrected values of corresponding neocortical regions as
those used to create the composite mask. All global cortical SUVs were
converted to standard uptake value ratios (SUVR) using the whole
cerebellar signal in the individual raw PET images as the reference
signal.
For voxel-based analyses, both non-corrected and PVEc-MG corrected AV45-PET images were spatially warped using the deformation

3. Results
3.1. Sample characteristics
As summarized in Table 1, CN subjects tended to be younger than
AD subjects (p=0.054) and had signiﬁcantly more years of education
(p=0.009). Gender distribution was comparable among groups
(p=0.24). As expected, the AD group had signiﬁcantly lower MMSE
scores compared to the CN group (p < 0.001).
3.1.1. Eﬀects of partial volume eﬀects correction on global cortical
AV45 SUVRs
Bland-Altman plots (Fig. 1) show that PVEc has a diﬀerential eﬀect
on SUVRs depending on the magnitude of the SUVR value: in the low
to middle range of SUVRs both PVEc methods generally result in a
decrease in SUVR, whereas at the high range of values both PVEc
methods result in increased values. Most of the CN subjects (blue
points) have SUVRs in the low range of the observed spectrum and
PVEc generally further decreases these values. By contrast, most AD
subjects (red points) have SUVRs in the high range of the spectrum and
PVEc further increases most of these values.
Fig. 2 depicts bar plots of the mean SUVR values of the CN and AD
groups derived from the diﬀerent processing approaches (non-corrected, PVEc-MG, PVEc-GTM). In line with the observations in the
Bland-Altman plots, both PVEc methods resulted in signiﬁcantly
decreased AV45 SUVR means for the CN group (PVEc-MG: −4.6%, p
672
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Table 2
SUVR changes comparisons.

p val
Standardized Cohen's d
AUC (95%-CI)

non-corrected

PVEc-MG

PVEc-GTM

< 0.001*
1.55
0.84 (0.78–0.90)

< 0.001*
2
0.89 (0.84–
0.93)**

< 0.001*
1.75
0.86 (0.8–
0.91)

Non-corrected: statistics based on global cortical AV45 SUVR values without Partial
Volume Effects correction (PVEc); PVEc-MG: statistics based on global cortical AV45
SUVR values corrected using the voxel-based method; PVEc-GTM: statistics based on
global cortical AV45 SUVR values corrected using the region-based method; p val: pvalues for group differences (t-test); AUC (95%-CI): area under the curve and 95%
confidence intervals.
*
Statistically signiﬁcant (p < 0.05) diﬀerence in global cortical AV45 SUVR compared
to cognitively normal control group (CN).
**
Statistically signiﬁcant diﬀerences compared to AUC derived from non-corrected
global cortical AV45 SUVR values.

Fig. 1. Bland-Altman plot (diﬀerence plot) of global cortical SUVRs (AV45 corticalcomposite-to-cerebellum) between no-PVEc and PVEc-MG (A) and no-PVEc and PVEcGTM (B). x-axis is the average of the global cortical SUVRs from the two methods for
each image, the y-axis is the diﬀerence in global cortical SUVRs. No-PVEc = noncorrected AV45-PET data, PVEc‐MG = voxel‐based partial volume eﬀects correction,
PVEc‐GTM = region‐based partial volume eﬀects correction. AD = Alzheimer's disease,
CN = cognitively normal controls. SUVR = standard uptake value ratios, RCP =
reproducibility coeﬃcient (% of mean values).

Fig. 3. Receiver-operating characteristic (ROC) curves for group discrimination between
control (CN) and Alzheimer's disease (AD). non-corrected global cortical AV45 SUVR
data (no-PVEc, black line), voxel-based partial volume eﬀects correction (PVEc-MG,
green line) and region-based partial volume eﬀects correction (PVEc-GTM, blue line).
AUC = area under the curve.

AUC values compared to the non-corrected approach were highly
signiﬁcant for PVEc-MG (p=0.0002) and trend-level signiﬁcant for
PVEc-GTM (p=0.09).
In voxel-wise analyses of regional AV45 SUVR group diﬀerences,
highly signiﬁcant SUVR increases in the AD group could be detected
across wide parts of the cortex in both non-corrected and PVEc-MG
data (Fig. 4). Direct comparison of the color-coded statistical maps
shows higher T-values in the PVEc-MG data in several cortical regions
known for high amyloid accumulation, such as the medial parietal and
medial and lateral frontal cortices (Fig. 4).

Fig. 2. Eﬀect of PVEc on global cortical SUVR by diagnostic group. Bar plots represent
group means of global cortical standard uptake value ratios (SUVR) derived from noncorrected (no-PVEc, black), voxel-based corrected (PVEc-MG, green) and region-based
corrected (PVEc-GTM, blue) AV45-PET data. AD = Alzheimer's disease, CN = cognitively
normal controls.

4. Discussion

< 0.001; PVEc-GTM: −9.7%, p < 0.001) and increased AV45 SUVR
means for the AD group (PVEc-MG: +29.7%, p < 0.001; PVEc-GTM:
+1.9%, p=0.012).

Quantiﬁcation capability is generally considered a major advantage
of PET amongst modalities for functional in vivo imaging.
Consequently, considerable eﬀorts have been made to improve absolute quantiﬁcation (in kBq/ml) of the tracer distribution in PET.
Methods for correction of physical eﬀects associated with the formation
of events such as photon attenuation and scatter have been implemented in the system software of PET scanners for routine use in
everyday clinical patient care. The situation is diﬀerent for eﬀects
related to limited spatial resolution of PET imaging, usually referred to
as partial volume eﬀects (Erlandsson et al., 2012; Kessler et al., 1984).
Although PVE can be large and various PVEc methods have been
developed (an excellent review is given in Erlandsson et al., 2012),

3.2. Eﬀects of partial volume eﬀects correction on SUVR diﬀerences
between patients and controls
Global cortical SUVR values were signiﬁcantly diﬀerent between the
CN and AD groups for all processing approaches (Table 2). However,
Cohen's d eﬀect size estimates indicated increased group diﬀerences for
both PVEc methods as compared to the non-corrected SUVR values.
Similarly, both PVEc methods resulted in increased AUC values for the
diﬀerentiation between CN and AD (Table 2 and Fig. 3). Increases in
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Fig. 4. Voxel-wise group diﬀerences before and after Partial volume eﬀects correction. Statistical maps of group diﬀerences (thresholded at p(FWE) < 0.05) are represented at the same
color-coded T-value scale to facilitate visual comparison. Increased T-statistics of group diﬀerences in the PVEc-MG data are particularly pronounced in the precuneus/posterior
cingulate and medial frontal cortices. No‐PVEc = non‐corrected AV45-PET data, PVEc‐MG = voxel‐based partial volume eﬀects correction. AD = Alzheimer's disease, CN = cognitively
normal control. lh = left hemisphere, rh = right hemisphere.

tion of the toolbox's PVEc methods were that (i) PETPVE12 performed
adequately in all subjects, i.e. visual inspection of PVE-corrected
images did not show obvious failures, (ii) applying the PVEc methods
brought about a further decrease of global cortical SUVR for cases in
the low to middle range of non-corrected SUVR and an increase of
global cortical SUVR for cases in the upper range of non-corrected
SUVR, which resulted in (iii) decreased global cortical SUVR in CN
subjects and increased global cortical SUVR in AD patients, and (iv)
increased eﬀect size of the diﬀerence of global cortical SUVR between
CN and AD subjects, that is, the increase of the diﬀerence in group
mean overcompensated any possible increases in statistical noise. The
latter indicates improved power of PVE-corrected AV45-PET images as
a biomarker to support the diagnosis of AD (similar to previous
ﬁndings by Rousset and co-workers suggesting improved power of
PVE-corrected FDOPA-PET for detection of Parkinson's disease
(Rousset et al., 2000)). The toolbox's PVEc methods need to be tested
in longitudinal data, to establish if they can also improve the predictive
accuracy of AV45-PET for MCI prognosis. Our analyses also demonstrated (for the ﬁrst time) increased group diﬀerences in regional SUVR
after PVEc on the voxel-level. While signiﬁcant increases of cortical
amyloid deposition in AD patients were detected across most cortical
regions using both PVEc-MG corrected and non-corrected data, PVEcMG resulted in up to 1.5-fold increased T-values for brain regions that
are known to accumulate high levels of amyloid, such as anterior and
posterior cingulate and precuneus. Increased sensitivity of PVEcorrected amyloid-PET may be particular relevant for the detection
of subtle changes in amyloid signal, such as in the earliest stages of
amyloidosis in the preclinical phase of AD or after short-term intervention eﬀects.
The ROI-based ﬁndings of the present study are in good agreement
with previous studies (Brendel et al., 2015; Rullmann et al., 2016; Su
et al., 2016, 2015; Thomas et al., 2011). Brendel and colleagues, using
the GTM-method for PVEc of ADNI AV45-PETs, also found global
cortical SUVR to decrease in healthy subjects and to increase in AD
subjects, resulting in improved discriminatory power of AV45-PET
(Brendel et al., 2015). They also found PVEc to result in larger
longitudinal increases of cortical AV45, that were most pronounced
in amyloid-positive subjects (Brendel et al., 2015). Consistently,
improved sensitivity to group diﬀerences and longitudinal changes
was also reported by Su and co-workers for cortical C-11-PIB retention
in autosomal dominant AD (Su et al., 2016). Rullmann and co-workers,
using the modiﬁed PVEc-MG method on F-18-ﬂorbetaben PET in 3
diﬀerent patient cohorts, found PVEc not only to increase Cohen's d
eﬀect size of the global cortical SUVR for the discrimination between
AD patients and healthy controls, but also to improve the correlation
between mesial temporal cortex SUVR and local amyloid plaque load
according to histopathology (Rullmann et al., 2016). Thomas and co-

PVEc is not yet widely used, either in whole-body PET or in brain PET.
The latter might be explained by ‘mixed’ results of PVEc in FDG-PET of
the brain. Reduction of cerebral glucose metabolism in neurodegenerative diseases is often accompanied by loss of gray matter, increasing
the bias in recovered signal due to PVEs with surrounding low signal
CSF and WM tissue. As a consequence, PVEs increase both magnitude
and spatial extent of disease-related signal reductions in FDG-PET
which often simpliﬁes detection and diﬀerential diagnosis of neurodegenerative diseases (Ibanez et al., 1998; Meltzer et al., 1996; Samuraki
et al., 2007). Eliminating these eﬀects by PVEc can hamper the
interpretation of brain FDG-PET in patients with suspected neurodegenerative disease. Possible PVEc-induced increases of statistical noise
can further complicate the interpretation of PVE-corrected FDG-PET
brain images.
In contrast to the metabolic decreases detected by FDG-PET,
amyloid PET aims at detecting (or excluding) increased tracer retention
in cortical gray matter. Thus, here PVEc is expected to increase (rather
than decrease) the signal-to-background ratio, particularly in case of
amyloid tracers with high nonspeciﬁc binding in adjacent white matter.
Thus, here PVEc is expected to improve not only quantitative estimates
of amyloid burden but also the potential to detect Alzheimer's disease.
However, PVEc is not commonly applied in amyloid PET either. This
may at least partly be due to the lack of PVEc options in the most
widely used software packages for the analysis of brain PET images,
such as the SPM software. SPM is a freely available, widely used, well
documented open source tool kit, and therefore appears a suitable
framework to support more widespread use of PVEc. The aim of the
present work was to develop and validate an SPM toolbox for PVEc.
The novel SPM PVEc toolbox, PETPVE12, features the 3-compartment
method proposed by Müller-Gärtner and co-workers for voxel-based
PVEc (PVEc-MG) (Muller-Gartner et al., 1992) and the geometric
transfer matrix method (PVEc-GTM) (Rousset et al., 1997, 1998a)
described by Rousset and colleagues for region-based PVEc in brain
PET. Both methods use anatomical information (e.g. from individual
structural MRI) to delineate GM in the brain and uniformity assumptions to limit ampliﬁcation of noise and, most importantly, both
methods are quite stable and very well validated. The user interface
of PETPVE12 was designed to make the application of these two
methods as ﬂexible and as transparent as possible. The rationale for
this was that (i) the results of PVEc strongly depend on each processing
step and (ii) the optimal choice of processing steps and their parameter
settings depends on the data to be analyzed. Thus, it is important to
give the user the possibility to easily control settings for all processing
steps.
As a ﬁrst application we used the PETPVE12 toolbox for PVEc of
amyloid-sensitive AV45-PET data of 85 AD patients and 179 CN
subjects from the ADNI database. Major ﬁndings of this ﬁrst applica-
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structed PET images (as PVEc is sensitive to even small errors of the
PSF) (Teo et al., 2007).
Considering the sensitivity of PVEc not only to the general method
used, but also to each single preprocessing step involved in a given
method as well as the parameter settings in these steps, we consider it
an important advantage of the PETPVE12 toolbox to be very transparent with respect to the implemented routines and that it allows easy
access to all parameter settings (rather than being a black box). As
such, the PETPVE12 toolbox may provide a valuable tool for future
research aimed at systematic analyses of the diﬀerential eﬀects of
diﬀering PVEc methods, along with their respective processing options
and parameter settings, on the outcomes of PVE-correction in amyloidsensitive PET data as well as other PET modalities. In addition, given
that SPM12 software is a very popular software tool for morphometric
analyses of structural MRI data (Ashburner, 2009), the integration of
PVEc processing options into SPM12 should markedly facilitate the
study of the relationship between regional brain atrophy and PVEcorrected PET measures. This includes both methodical studies assessing the (probably) complex eﬀects of regional brain atrophy on the
magnitude of PVE correction (Rullmann et al., 2016), as well as clinical
research studies investigating inter-modal association between MRIderived estimates of regional brain atrophy and PET-based indices of
regional pathology, such as hypometabolism or amyloid deposition in
AD (Chetelat et al., 2009; La Joie et al., 2012; Oh et al., 2014; Teipel
et al., 2016).
The toolbox provides the most widely used PVEc methods: PVEcMG and PVEc-GTM. Theoretically, PVEc-GTM may provide more
accurate results than voxel-based PVEc, given that it also accounts
for possible spill-over eﬀects between GM structures with diﬀering
tracer signal. However, it requires a priori speciﬁcation of a speciﬁc
cerebral parcellation scheme, and the assumption of homogenous
tracer signal within the parcellated GM structures may not hold true
for all ROIs. Future studies may assess possible advantages of using
functional brain parcellations with assumedly more homogeneous
intra-ROI tracer retention compared to the commonly used anatomical
parcellation schemes. The PVEc-MG approach provides PVE-corrected
PET images that can be used for explorative analyses using voxel-based
testing. Thus, voxel-based and ROI-based PVEc usefully complement
each other. In this context, it should be noted that the PVEc-MG is
valid only for voxels in the gray matter target region and does not allow
signal quantiﬁcation of WM ROIs. A limitation of the PETPVE12
toolbox is that it only provides post-reconstruction PVEc methods.
Reconstruction-based methods (Alessio and Kinahan, 2006; Rizzo
et al., 2007) that account for the PSF during image reconstruction
are expected to be more accurate than post-reconstruction methods.
In conclusion, the PETPVE12 toolbox facilitates access to PVEc
either as stand-alone processing option or for integration into existing
SPM processing pipelines for brain PET. We expect the toolbox to be
particularly useful in brain amyloid binding PET by providing more
accessible usage of well-validated PVEc methods that may improve
quantitative estimates of amyloid burden, as well as the diagnostic and
possibly also prognostic potential of AV45-PET in patients with
suspected Alzheimer's disease.

workers, using the modiﬁed PVEc-MG method in amyloid-PET with F18-ﬂutemetamol, found signiﬁcantly increased eﬀect size of the SUVR
group diﬀerence between elderly healthy controls and AD patients in
the frontal and the parietal lobe (Thomas et al., 2011). However, here,
PVEc resulted in increased global cortical SUVR not only in the AD
group but also in the group of elderly healthy controls, although the
larger increase was seen in the AD group (Thomas et al., 2011). This is
in contrast to reduced global cortical SUVR in the CN group in the
present study and the report by Brendel et al. (2015). This diﬀerence
might be explained as follows. The principal PVE in brain PET is the
spill-over of counts between diﬀerent brain regions with inherently
diﬀering tracer uptake, particularly between gray and white matter, as
illustrated by the operational equation of the PVEc-MG (subsection
2.1.1 in the Methods; here we assume zero CSF tracer concentration for
simplicity)

Cobs=(GM ⊗ PSF ) CGM +

(WM ⊗ PSF ) CWM

In gray matter, spill-over counts can be seen as the net eﬀect of
spill-out of counts from gray matter and spill-in of counts from white
matter

CGM , obs=CGM +{(WM ⊗ PSF ) CWM −[1−(GM ⊗ PSF )] CGM }
spill-in

spill-out

The magnitude of the spill-out eﬀect depends on the thickness of
cortical gray matter, with greater spill-out for thinner cortex. Thus,
spill-out not only depends on the localization in the brain (typically
more pronounced in occipital than in frontal lobe), but it also increases
with the amount of atrophy. Therefore, it is assumed to be higher in AD
patients than in CN subjects. However, it is evident that the net eﬀect of
spill-out and spill-in is also inﬂuenced by the relationship of actual
tracer binding between gray and white matter. In simpliﬁed terms: if
actual tracer concentration is smaller in gray matter than in white
matter (as expected in most CN subjects), spill-in of signal from WM
into GM overcompensates loss of signal from GM due to spill out. In
this case, PVEc is expected to result in decreased SUVR. The other way
round: if actual tracer concentration is larger in gray than in white
matter (as expected in most AD patients), the signal spill-out from GM
is larger than the spill-in from WM and PVEc is expected to result in
increased SUVR. Now, the relationship between tracer concentration in
WM and GM depends not only on cortical amyloid load but also on the
tracer used for PET imaging. C-11-PIB shows lower unspeciﬁc binding
in WM than currently available F-18-labelled amyloid tracers, which
may also diﬀer with respect to unspeciﬁc white matter binding among
themselves (Herholz and Ebmeier, 2011; Landau et al., 2014; Youseﬁ
et al., 2015). Thus, diﬀerent tracers, F-18-ﬂutemetamol in the study by
Thomas and colleagues versus AV45 in the present study, might
contribute to diﬀerences in the relative eﬀect of PVEc, particularly in
CN subjects with low to middle range tracer concentration in gray
matter, that is, below or close to tracer concentration in white matter.
Further studies are needed to characterize potential diﬀerences in
unspeciﬁc white matter binding among diﬀerent F-18-labelled amyloid
tracers and their possible impact on PVEc outcomes. The ROI used to
characterize white matter uptake and the method to estimate true
tracer concentration within this ROI (with or without PVEc, e.g.
modiﬁed versus original PVEc-MG) may also contribute to some
variability of results (Thomas et al., 2011). Furthermore, the SUVR is
symmetric with respect to SUV variation in the region of interest and
the reference region. Thus, diﬀerent reference regions and diﬀerent
ways of estimating the SUV in the reference region (e.g. before versus
after PVEc) also add to the variability of results. In addition, violation
of the assumption of uniform tracer concentration within ROIs results
in bias in PVE-corrected data, the magnitude of which varies between
PVEc methods. There are further sources of variation in PVE-corrected
results between studies, such as PET-MR co-registration, segmentation
of gray matter (Frouin et al., 2002; Hogenauer et al., 2016) or
variability of the error of spatial resolution assumed for the recon-
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