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Abstract

Since tau PET tracers were introduced, investigators have quantified them using a wide variety 

of automated methods. As longitudinal cohort studies acquire second and third time points of 

serial within-person tau PET data, determining the best pipeline to measure change has become 

crucial. We compared a total of 415 different quantification methods (each a combination of 

multiple options) according to their effects on a) differences in annual SUVR change between 

clinical groups, and b) longitudinal measurement repeatability as measured by the error term 

from a linear mixed-effects model. Our comparisons used MRI and Flortaucipir scans of 97 

Mayo Clinic study participants who clinically either: a) were cognitively unimpaired, or b) had 

cognitive impairments that were consistent with Alzheimer’s disease pathology. Tested methods 

included cross-sectional and longitudinal variants of two overarching pipelines (FreeSurfer 6.0, 

and an in-house pipeline based on SPM12), three choices of target region (entorhinal, inferior 

temporal, and a temporal lobe meta-ROI), five types of partial volume correction (PVC) (none, 

two-compartment, three-compartment, geometric transfer matrix (GTM), and a tau-specific GTM 

variant), seven choices of reference region (cerebellar crus, cerebellar gray matter, whole 

cerebellum, pons, supratentorial white matter, eroded supratentorial WM, and a composite of 

eroded supratentorial WM, pons, and whole cerebellum), two choices of region masking (GM 

or GM and WM), and two choices of statistic (voxel-wise mean vs. median). Our strongest 

findings were: 1) larger temporal-lobe target regions greatly outperformed entorhinal cortex 

(median sample size estimates based on a hypothetical clinical trial were 520–526 vs. 1740); 

2) longitudinal processing pipelines outperformed cross-sectional pipelines (median sample size 

estimates were 483 vs. 572); and 3) reference regions including supratentorial WM outperformed 

traditional cerebellar and pontine options (median sample size estimates were 370 vs. 559). 

Altogether, our results favored longitudinally SUVR methods and a temporal-lobe meta-ROI that 

includes adjacent (juxtacortical) WM, a composite reference region (eroded supratentorial WM + 

pons + whole cerebellum), 2-class voxel-based PVC, and median statistics.

Keywords

AV-1451; Flortaucipir; Tau PET; Partial volume correction; PVC; GTM; Geometric transfer 
matrix; RSF; Region spread function; SUVR; Change over time; Precision; Reference region; 
Bias correction; Inhomogeneity correction
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1. Introduction

Measurements of change-over-time in tau PET SUVR, over relatively short time periods, are 

especially challenging because the annual rate of change in amyloid-positive cognitively 

impaired individuals (~3%/year) (Jack et al., 2018; Lowe et al., 2018) is small when 

compared with estimates of test-retest reproducibility (4.6%) (Devous et al.,2018). Existing 

tau PET studies have used a variety of automated techniques, but an exhaustive comparison 

of this family of methods for measuring change over time has not been performed. We 

designed this study to fulfill that need.

Here, we compare measurements produced by software pipelines based on SPM12 and on 

FreeSurfer 6.0, each with both cross-sectional and longitudinally stabilized variants. For 

tau PET tracers, the optimal target region and the optimal reference region are both active 

areas of research (Gordon et al., 2019; Harrison et al., 2019; Jack et al., 2018; Johnson 

et al., 2016; Lowe et al., 2018; Maass et al., 2017; Ossenkoppele et al., 2018; Schultz 

et al., 2018; A. J. Schwarz et al., 2018; Southekal et al., 2018; Sperling et al., 2019; 

Tetzloff et al., 2018). Therefore, we compare three choices of target region of interest (ROI): 

1) entorhinal cortex; 2) inferior temporal cortex; 3) a temporal-lobe meta-ROI including 

bilateral amygdala, fusiform, middle/inferior temporal, entorhinal, and parahippocampal 

regions; and seven choices of reference region: 1) cerebellar crus; 2) cerebellar gray matter; 

3) whole cerebellum; 4) pons; 5) supratentorial white matter; 6) eroded supratentorial WM; 

and 7) a composite of eroded supratentorial WM, pons, and whole cerebellum.

Analyses of tau PET images have also varied in their use of partial volume correction 

(PVC). Tau PET studies have increasingly applied Gaussian Transfer Matrix (GTM) PVC 

(Rousset et al., 1998) (Gordon et al., 2019; Hanseeuw et al., 2019; Harrison et al., 2019; 

Maass et al., 2017; Mattsson et al., 2017; Mishra et al., 2017; Ossenkoppele et al., 2018; 

Schöll et al., 2016). These studies often seek to measure tau in relatively small, individual 

regions rather than across large “global” cortical measures like those popular for amyloid 

PET. Current tau PET tracers also have problematic off-target binding in brain (e.g. basal 

ganglia, choroid plexus) and non-brain regions (skull, meninges, etc.) (Baker et al., 2017; 

Choi et al., 2018; Lee et al., 2018; Marquié et al., 2017b; Wolters et al., 2018) that are 

spatially near to disease-relevant regions of interest (ROIs) such as the medial temporal lobe. 

GTM attempts to model signal spill-out and spill-in between nearby regions (i.e. can attempt 

to correct for nearby off-target binding), which is impossible with traditional voxel-based 

PVC or without PVC. In this study, we compare multiple implementations of voxel- and 

region-based PVC techniques (5 variants overall) for measuring change in AV-1451 tau PET 

SUVR.

In total, we compare the suitability of 415 measurement pipelines varying in their use of two 

major software packages (SPM and FreeSurfer, each with cross-sectional and longitudinal 

variants), three temporal-lobe target regions, seven reference regions, five methods of partial 

volume correction, two variants of ROI masking (GM or GM and WM), and two statistical 

summary measures (voxel-wise mean or median) for measuring change over time in serial 

Flortaucipir SUVR. We present a summary of the options for each design choice in Table 1.
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2. Materials and methods

2.1. Study design

We designed this study to evaluate each SUVR measurement method using two criteria: 

1) repeatability, and 2) longitudinal group separability. Repeatability (similar to stability or 

precision) is the inverse of measurement noise at each time point. For longitudinal studies 

measuring change over time (i.e. slope) from one measurement at each time point, noisy 

individual measurements reduce the precision of these slope measurements, particularly 

with shorter time intervals. We estimated each measurement’s repeatability as the error 

term from a per-subject linear fit, in unit of percentage SUVR. However, an important 

corollary to repeatability is that to be a useful biomarker each measurement must also 

correlate with some biological feature(s) of interest; a hypothetical method that always 

gives the same value for any scan is perfectly repeatable, but it has no dynamic range 

and does not measure anything. Therefore, for each SUVR method we also measured its 

group separation ability (as a t-score, analogous to an effect size) between SUVR change­

over-time of participants with and without clinically significant cognitive impairment. Our 

assumption was that both of these metrics are equally important; we ranked all methods first 

by each of these two criteria individually, then additionally using the average of its ranks 

from each of the two criteria as a combined criterion to create a final overall ranking of 

methods. We acknowledge that these two criteria are not entirely independent because the 

repeatability of individual measures also affects the accuracy of slope measurements, and 

because the t statistic we use for evaluating group separation also depends on the estimate’s 

standard error (which varies with measurement error). A reader might consider using group 

separation exclusively and ignoring repeatability, but repeatability is the more objective 

and generalizable property because it does not depend on the underlying participants, their 

groupings, or the comparisons/questions being studied.

We used group separation of cognitively impaired vs. unimpaired individuals because this 

is a straightforward task with high face validity that was feasible with our available data. It 

is plausible, however, that SUVR methods would perform differently for other subsets, e.g., 

unimpaired participants versus those with mild cognitive impairment, impaired participants 

versus those with dementia, across multiple pathologies or clinical phenotypes. For example, 

differing distributions of tau in the brain across different groups could affect choice of target 

or reference region, and varying degrees of atrophy could affect the importance of partial 

volume correction. For these reasons, we included both criteria: repeatability, to objectively 

estimate measurement noise; and group separation, to estimate their biological utility. We 

further describe exactly how we measured each of these criteria in Statistical Methods 

below.

2.2. Participant characteristics

Participants (n = 97) were selected retrospectively from multiple longitudinal Mayo Clinic 

studies on the basis of having three imaging visits, each with AV-1451 tau PET and 3T 

MRI. These Mayo Clinic studies included: the Mayo Clinic Study of Aging (MCSA) 

(Roberts et al., 2008); Mayo Clinic Alzheimer’s Disease Research Center (ADRC); 

Advancement of Research and Treatment in Frontotemporal Lobar Degeneration (ARTFL); 
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Longitudinal Evaluation of Familial Frontotemporal Dementia Subjects (LEFFTDS); 

Longitudinal Imaging Biomarkers of Disease Progression in DLB; and studies from the 

Neurodegenerative Research Group (NRG).We required three time points because we 

are jointly estimating within-participant change (over a relatively short-term interval) and 

measurement error, which can only be assessed properly with at least three measurements. 

All studies were approved by their respective institutional review boards and all participants 

or their surrogates provided informed consent compliant with HIPAA regulations.

All selected participants had a clinical status at baseline of either: a) cognitively unimpaired, 

or b) had only clinical features that were suggestive of Alzheimer’s disease pathology. 

We specifically excluded all participants with impairments suggesting non-AD pathology 

because Flortaucipir was designed to measure tau proteins associated with AD and has 

relatively low binding affinity for non-AD tauopathies and for non-tauopathies (Mathis et 

al., 2017). Therefore, we excluded these participants because we did not want to confound 

our study with the effects of off-target binding of uncertain origin. We could have made 

these exclusions based on amyloid or tau PET, but we used clinical diagnosis instead to 

avoid circularity in our study design.

2.3. Scan parameters

T1-weighted MRIs, which we used for atlas normalization, masking, and for PVC where 

applicable, were acquired using 3T General Electric (GE) scanners (models Discovery 

MR750, Signa HDx, Signa HDxt, and Signa Excite; GE Healthcare, Waukesha, WI) 

and 3T Siemens Prisma (Siemens, Erlangen, Germany) scanners each using 3D Sagittal 

Magnetization Prepared Rapid Acquisition Gradient-Recalled Echo (MP-RAGE) sequences.

[18F]AV-1451 tau PET scans were acquired using GE PET/CT scanners (models Discovery 

690XT and Discovery MI; GE Healthcare, Waukesha, WI). Participants were injected with 

Flortaucipir (370 MBq (range 333–407 MBq)) and a low-dose CT scan was acquired 

for attenuation correction. At 80 minutes post-injection, participants underwent a 20-min 

dynamic PET scan with four five-minute frames. Dynamic PET images were reconstructed 

on-scanner (256 matrix, 300 mm field of view) using fully 3D (Iatrou et al., 2004) or 

Fourier-rebinned (Stearns and Fessler, 2002) OSEM iterative algorithms with 3 iterations 

and 35 subsets. A 5 mm Gaussian post-reconstruction filter was applied, along with standard 

corrections for attenuation, scatter, random coincidences, and decay. Four-frame dynamic 

PET images were co-registered with a group-wise rigid registration to correct for cross­

frame motion, and averaged to produce a single static (summed) PET image.

2.4. SUVR measurement pipelines

We compare four SUVR measurement pipelines in this work. We compared cross-sectional 

and longitudinally stabilized variant pipelines from two major sources: 1) in-house Mayo 

pipelines based on SPM12 and 2) PetSurfer pipelines in FreeSurfer 6.0 (Greve et al., 2016, 

2014). We have previously shown SUVR measurements from these pipelines to have a very 

high level of agreement (Schwarz et al., 2018) . Therefore, our primary goal for including 

both implementations in our comparisons was not to directly compare the two, but to 
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support and validate each other’s findings about other questions e.g. target region, reference 

region, PVC, and cross-sectional vs. longitudinal pipeline design.

2.4.1. Mayo SUVR pipelines—Our in-house Mayo pipelines are based on SPM12 

Unified Segmentation (Ashburner and Friston, 2005) with population-optimized templates, 

priors, and settings from the Mayo Clinic Adult Lifespan Template (Schwarz et al., 2017a) 

(MCALT; https://www.nitrc.org/projects/mcalt) (Schwarz et al., 2017a) and atlas spatial 

normalization using Advanced Registration Tools (ANTs) (Avants et al., 2008). Both 

pipelines were updated and enhanced, as described below, since our previous publications.

In the cross-sectional variant, PET scans were rigidly registered and resampled to the 

corresponding MRI with SPM12. MRI were segmented and corrected for intensity 

inhomogeneity using Unified Segmentation (Ashburner and Friston, 2005) in SPM12 with 

MCALT tissue priors and settings. Normalization parameters between MRI and the MCALT 

template were computed using ANTs, and MCALT atlases were resampled into the MRI 

space using GenericLabel interpolation. Transformed atlas regions were masked to include 

only voxels estimated to primarily contain tissue (GM or WM), or to include GM voxels 

only.

In the longitudinal variant, all MRI and PET scans for all of a participant’s time points were 

processed simultaneously. It was designed to minimize variance resulting from segmentation 

and parcellation of each MRI, and from registration between PET and MRI (Schwarz et al., 

2017b). All MRI were group-wise co-registered using affine spm_coreg, and an in-house 

differential bias correction (DBC) (Vemuri et al., 2015) algorithm was applied to harmonize 

MRI field inhomogeneity artifacts across the entire FOV of all scans. The resulting corrected 

outputs were then used to create a nonlinear mean-space template image using ANTs 

buildTemplateParallel (Avants et al., 2010). This image was then input to the cross-sectional 

pipeline (as if it were a standard single-time-point MRI scan) to perform bias correction 

and produce the final T1-weighted single-subject template (denoted T1-SST). ANTs was 

used to compute nonlinear registration parameters between the MCALT_T1 template and 

T1-SST, then resample the MCALT_ADIR122 atlas into T1-SST space using GenericLabel 

interpolation. Each of the co-registered, DBC-corrected MRI were transformed (affine) and 

resampled (BSpline) to this T1-SST space, then individually segmented using the standard 

cross-sectional methods above to produce tissue-class segmentations that were used for each 

time point.

All PET scans were used to create a mean-space template (denoted PET-SST) using group­

wise rigid registration with spm_coreg. A single rigid registration was computed between 

this PET-SST and T1-SST, and these parameters were used to resample (BSpline) each PET 

scan to the space of the T1-SST. Each resampled PET scan was then analyzed in T1-SST 

space to produce mean and median SUVR measurements for each atlas region using the 

atlas parcellations (identical for all time points, calculated from T1-SST) and tissue-class 

masks (from individually segmented DBC-corrected MRI in the common T1-SST space) 

described above.
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In summary, we designed this pipeline to minimize all possible sources of software 

quantification-related variance by performing all of each participant’s processing and 

measurements in a common single-subject template space with a single rigid registration 

between all MRI and PET images, and a single atlas registration/parcellation across all 

time points. The MRI for each time point were segmented individually (after group-wise 

registration, differential bias correction, and resampling into this common space) and these 

segmentations were used to account for changing levels of atrophy across time by removing 

non-tissue or non-GM voxels from each atlas region.

2.4.2. FreeSurfer SUVR pipelines—FreeSurfer is a popular software package for 

surface-based analyses of brain MRI. It can be run using standard cross-sectional mode 

(Fischl, 2012), or using a longitudinal variant that segments all time points simultaneously 

for increased repeatability (Reuter et al., 2012). The PETSurfer module (Greve et al., 2014) 

is designed to segment PET scans and calculate SUVR either with or without GTM PVC. 

We used standard recommended settings when running all FreeSurfer/PETSurfer pipelines. 

There is no longitudinal variant of the PETSurfer portion itself (i.e. longitudinal PET 

images are not coregistered intramodally before quantification), but we used the officially 

recommended approach of running PETSurfer on original PET images with outputs from 

the longitudinal-variant MRI segmentations (Greve, 2016), and we refer to this as the 

longitudinal FreeSurfer PET pipeline.

2.5. Partial volume correction methods

We compared multiple implementations of a total of five PVC variants (including no PVC). 

We used in-house implementations of two-compartment (Meltzer-style; PVC2)(Meltzer 

et al., 1990) and three-compartment (Müller-Gärtner-style; PVC3) (Müller-Gärtner et al., 

1992) PVC. Both of these voxel-based methods correct for varying amounts of non-tissue 

in brain tissue voxels. Three-compartment PVC additionally corrects for signal spilling 

into GM voxels from nearby WM voxels. For GTM (Rousset-style) PVC (Rousset et al., 

1998), we compared the implementation in FreeSurfer 6.0 directly with our in-house Mayo 

implementation. We have previously shown that values from these two pipelines are highly 

correlated (Schwarz et al., 2018). Detailed reviews of these methods have been previously 

published (Erlandsson et al., 2012; Schwarz et al., 2018; Thomas et al., 2016). For all 

methods, we assumed a point spread function (PSF) of 8 mm, previously determined from 

an internal study using an F-18 point-source at the center of a water phantom with the same 

set of scanners and identical reconstruction methods.

In addition to the above PVC methods compared in our previous amyloid PET study, here 

we also add an additional, publicly available variant of GTM that was designed specifically 

for AV-1451 tau PET (Baker et al., 2017), which we will refer to as GTM-Tau. Unlike 

traditional GTM implementations that determine region parcellations entirely from MRI, 

this method attempts to also detect and correct for focal regions of off-target binding 

throughout the PET image. Region parcellations are primarily based on FreeSurfer analysis 

of the corresponding MRI, then modified using tissue-class segmentations from SPM in 

conjunction with the input tau PET image itself. Contiguous sets of voxels with relatively 

high SUVR in off-target locations in the skull and meninges, in the choroid plexus, and in 
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the (cerebellar) reference region are each grouped into individual regions that are separated 

from their existing regions and added as new ones before performing a traditional GTM 

analysis (Baker et al., 2017). The implementation was designed to use an inferior-cerebellum 

reference region, but it can be given masks of any subset of the cerebellar GM as input. 

To match as many of our other pipelines as possible without modifying its source code, 

we tested this method using the cerebellar crus (a subset of the inferior cerebellar region) 

and (whole) cerebellar GM reference regions. Although GTM-Tau used segmentations from 

both the FreeSurfer pipelines and our SPM-based pipelines, we chose to plot it among the 

FreeSurfer-based pipelines in our comparisons because it is a region-based PVC method 

with regional parcellations based much more on FreeSurfer segmentations than they are on 

the SPM-based pipelines.

2.6. Target and reference regions

The FreeSurfer and Mayo pipelines use different templates and atlases, but we used the 

closest analogous regions possible for each tested target and reference region.

We compared SUVR measurements using three choices of target region: 1) entorhinal 

cortex; 2) inferior temporal cortex; 3) a temporal-lobe composite region including bilateral 

amygdala, fusiform, middle and inferior temporal, entorhinal, and parahippocampal regions; 

and seven choices of reference region: 1) cerebellar crus; 2) cerebellar gray matter; 3) 

whole cerebellum; 4) pons; 5) supratentorial white matter (SWM); 6) eroded SWM; and 7) 

a composite of eroded SWM, pons, and whole cerebellum. For FreeSurfer, the composite 

reference used un-eroded SWM because PETSurfer does not have an analogous eroded 

SWM region.

2.7. Statistical methods

2.7.1. Quality control and preprocessing—Our initial analyses began with data 

from 117 participants, selected consecutively without exclusions. We examined the data 

for all methods graphically and detected that a small number of strongly outlying SUVR 

measurements were preventing sensible fits by the mixed-effects models. We decided to use 

data only from participants for which all method-combinations produced valid data for all 

time points. In total, we removed 16 participants for which at least one method was missing 

results for at least one time point, and we removed 4 participants for which at least one 

method had at least one invalid measurement (SUVR, after any PVC, of <0.5 or NaN i.e. 

no voxels were in the localized region) for at least one time point. Of these 20 (total, 16+4) 

participants removed, 9 were cognitively unimpaired and 11 were impaired. From the above 

criteria, 18/20 were excluded due to FreeSurfer-based pipelines, 1/20 was excluded due to 

our in-house Mayo pipelines, and 1/20 was excluded due to both pipelines. We attribute 

this large number of participant removals to the very large number of SUVR methods 

compared (415) and our stringent requirement that every measurement by all of them was 

valid for all three time points (a total of approximately 1500 individual measurements per 

method per participant), recognizing that mixed-effects models can be particularly sensitive 

to outliers. Further analyses continued with the remaining n = 97 participants (n = 46 

unimpaired, 51 impaired) who had valid data across all methods compared, and we present 

their characteristics in the results section.

Schwarz et al. Page 8

Neuroimage. Author manuscript; available in PMC 2021 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



2.7.2. Statistical modelling—In this section we detail the statistical methods by which 

we comparatively evaluate SUVR pipelines. All statistical analyses were performed using R 

version 3.6.2 (R Development Core Team, 2008).

Our comparisons excluded methodological combinations that would be conceptually flawed 

(e.g. three-compartment PVC with reference regions containing WM), or that could not be 

implemented without modifying source code of externally created pipelines (e.g. FreeSurfer/

PETSurfer does not support voxel-based PVC, eroded SWM, or cerebellar crus regions, and 

GTM-Tau does not support non-cerebellar reference regions.

To estimate both quantities of interest (reproducibility and group separation) for each SUVR 

method, we fit a linear mixed-effects model with the lme4 package version 1.1–24 (Bates 

et al., 2015), and we used the bootMer function to estimate 95% confidence intervals 

from 1000 posterior simulations. We used the model: where impaired indicates presence of 

cognitive impairment (i.e. diagnostic group), and years denotes each scan’s time elapsed 

since baseline, in years, after centering (to improve model stability). This model allowed 

for individual SUVR variation at both baseline (intercept) and slope, but without inducing 

correlations between the two. We fit log(SUVR) rather than direct SUVR for several 

reasons. Key to our analysis, the standard deviation of log-transformed values is equal 

to the coefficient of variation of the original distribution. This allows us to interpret the 

residual standard deviation estimate from the model as a measure of repeatability having 

a percentage error interpretation. The log transformation also addressed right skew in the 

SUVR values and non-constant variance in which residual variability tends to increase 

with higher SUVR values. Demographic variables (e.g. age, sex, and education) were not 

included in the model because their differences across groups (see: Results) were not 

significant and not considered clinically meaningful.

2.7.3. Estimating repeatability for each SUVR method—To estimate repeatability, 

interpreted here the magnitude of within-participant variation for each measurement method, 

we used the standard deviation of the residual or error term from fitting the above model, 

which estimates the average variation of a participant’s measures around a (per participant) 

linear regression line. By a property of the log-normal distribution, the standard deviation 

(SD) of log-transformed values equals the coefficient of variation (CV = SD/mean) of the 

original distribution. We therefore interpret the residual standard deviation from our mixed 

model as an estimate of the CV on the SUVR scale. A key advantage of the CV is that it is a 

measure of relative error rather than absolute error.

Mixed models for longitudinal data analysis account for correlation among repeated 

measurements within an individual and, relatedly, allow for both a population mean to 

change over time and for person-specific changes over time (via random effects). The 

mixed model does not separately estimate person-specific regression parameters but instead 

models them, essentially estimating the distribution of subject-specific parameters. These are 

penalized, or shrunk, toward the population average which reduces overfitting and provides 

better predictions at the individual level (Fitzmaurice et al., 2011). While mixed models do 

not depend on a balanced design, we required all individuals to have three time points so that 

each individual is contributing information about both inter- and intra-individual variation.
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With any statistical modeling exercise both the systematic component and the random 

component of the model must be chosen purposefully based on several factors including 

sample size, the patterns seen in the observed data, and background knowledge. A common 

choice for the structural component of a longitudinal mixed effects model is that the 

population mean and subject-specific means are a linear function of time, i.e. there is 

an underlying “trend” in the population along with subject-specific trends. Based on 

observing up-and-down variation in SUVR measurements within individuals over time and 

the assumption that over an interval of several years we would not expect marked nonlinear 

changes in SUVR values, we found it appropriate to make this linear assumption. Normal or 

Gaussian errors on the log(SUVR) scale also seemed appropriate. If we had measurements 

made more often over a longer timeframe, we could explore more complicated systematic 

components using quadratic terms or spline function, but given the current data set this 

linear assumption is reasonable. We note that the linear assumption includes the case that the 

population as a whole is flat over time and doesn’t prescribe an upward trend on average, 

nor does it prescribe a common trend across all individuals.

Given these considerations, our model can perhaps be thought of as identifying the 

systematic component of SUVR measurements over time within a person, “detrending” 

them without overfitting, and then quantifying the magnitude of the remaining random 

variation.

We refer to this quantity as residual error %, an estimate of measurement repeatability. 

Although this residual term may contain other components in addition to measurement 

error (e.g. biological tau nonlinearity, variation in off-target signal or tracer perfusion, 

systematic error due to scanner drift or use of different scanners across time), we believe 

that this quantity is primarily driven by error in the measurement process itself (including 

software factors) because it is so strongly impacted by choices in software pipelines, and 

because its measurements agree very well with external test-retest error measurements using 

scan-rescan data (see: Discussion). Further, these other sources of error would affect all 

pipelines equally, so they would not affect our usage of using these estimates to compare and 

rank pipelines relative to each other.

2.7.4. Estimating group separation for each SUVR method—We also quantified 

our ability to detect separation in annualized SUVR slopes between the clinical groupings 

(cognitively impaired vs. unimpaired) using the t statistic from the impaired:years term 

in the same model fit above. The coefficient from this term corresponds to the estimated 

difference in group-wise rates of change and the corresponding t statistic reflects our power 

to detect these differences. We chose this as a measure of effect size because Cohen’s 

d effect sizes are not well-defined for longitudinal models. However, our t statistic is 

conceptually very similar in that it is ratio of group-wise differences over a measure of 

uncertainty, and thus it can be interpreted analogously to a “longitudinal Cohen’s d” effect 

size.

We recognize that some unimpaired individuals may have tau accumulation, and this would 

contribute to reduced group-separation equally across all methods. However, because the 

relationship between tau PET and cognitive impairment is stronger than that of amyloid 
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PET (Aschenbrenner et al., 2018; Maass et al., 2018; Pontecorvo et al., 2017), we assume 

that average tau accumulation rate should be greater in impaired participants, as in our 

previous findings (Jack et al., 2018). We also recognize that the cognitive impairments in 

some individuals may not be driven by the AD-associated forms of tau that are imaged by 

Flortaucipir, but we tried to minimize this by excluding all participants who had clinical 

impairments that were inconsistent with AD pathology (see Participant Characteristics, 

above).

2.7.5. Sample size estimates for each SUVR method—To assist readers with 

interpreting these metrics in practical terms, we also computed sample size estimates for 

each SUVR method for a hypothetical interventional clinical trial designed for 80% power to 

reduce SUVR accumulation by 20% (vs. placebo). The trial assumed three PET scans over 

three years. We used only the cognitively impaired participants (n = 46) for this estimate 

because these are more likely to have SUVR accumulation. For computation, we used the 

lmmpower function from the longpower package (Donohue, 2021) on the existing linear 

mixed-effects model described above. Because this study was not designed to imitate a 

clinical trial, and because there are any number of important methodological and statistical 

considerations when designing a trial, we treat these estimates cautiously and do not use the 

resulting estimates as one of our primary criteria to compare methods, but rather only as an 

additional metric for discussion to provide practical estimates of the value of using methods 

that are ranked more highly by our other criteria.

3. Results

3.1. Participant characteristics

We present a table of participant baseline characteristics in Table 2. 46 participants were 

cognitively unimpaired, including 3 who had clinical evidence of REM sleep behavior 

disorder (RBD) but no other features of an underlying neurodegenerative disease. Among 

the cognitively impaired group (n = 51), the clinical diagnoses were as follows: 23 AD 

clinical syndrome, 11 amnestic mild cognitive impairment (MCI), 11 multi-domain amnestic 

MCI, 5 probable posterior cortical atrophy, and 1 logopenic variant primary progressive 

aphasia. When comparing the cognitively impaired vs. unimpaired groups, we found the 

expected significant differences in baseline amyloid and tau PET SUVR, prevalence of 

APOE E4 carriers, and MMSE score. We use error as a percentage in repeatability measures, 

to account for differences in baseline tau. Study time durations were significantly longer 

for the unimpaired group, but we used annualized SUVR change over time to account for 

this. Unimpaired participants also had slightly longer time intervals between their MRI and 

PET scans, but the differences between these medians was only two days, which we feel is 

negligible.

3.2. Effects of target region

Our approach for this section is to present several scatter plots where each point shows the 

estimated measurement error (x-axis) and group separability (y-axis). To combine the two 

criteria, we ranked all methods by each criterion individually, and used the mean of their 

ranks in these two criteria to create a joint ranking. When ties occurred (two methods had 
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the same mean ranking), our joint ranking gave the smaller ranking to whichever method 

was better in the group separability criterion. In each plot, most points are unlabeled out of 

necessity to avoid over-plotting; instead we label and color certain subsets for discussion. 

In supplementary material, we also provide a table of all 415 SUVR methods with each 

one’s ranks and estimates by all the criteria. We then present a series of box plots showing 

the effects of each option for each major methodological decision and explore their effects 

across all the pipelines that use them.

In Fig. 1, we plot all 415 SUVR methods on both axes, colored by their choice of 

temporal-lobe target region. Methods using the inferior temporal and temporal meta-ROI 

target regions were largely comparable in both criteria, but those using the entorhinal cortex 

target region performed poorly: they had much worse group separation and some-what larger 

measurement error. Consequently, to reduce over-plotting we removed the 152 methods 

using the entorhinal cortex from subsequent plots, leaving only 304 methods using either the 

inferior temporal or temporal-lobe composite target region.

3.3. Overall best and worst SUVR methods

We present our primary findings in Fig. 2, which labels a subset of methods/points that 

were arguably among the “best” (top/left) or “worst” (bottom/right) by each criterion. We 

also labelled three popular/standard methods for comparison. In subsequent sections we will 

attempt to break down the reasons (i.e. underlying properties) that affected the performance 

of each method (itself a combination of component decisions).

Best group separation: The method with the largest group separation was 

FSLong_GM_TemplMeta_CereGM_GTM–Tau_Mean with a t score of 6.19 using the 

FreeSurfer longitudinal pipeline with GTM-Tau PVC and the cerebellar GM reference 

regions; however, its measurement error was among the worst methods at 4.51% (rank 371), 

giving it an overall rank of of 189 by both criteria combined.

Consistencies among the top 10 methods: The top 10 methods by the combined 

criteria (top-left corner of Fig. 2) all used the Mayo SPM-based pipeline with a composite 

(7/10) or eroded SWM (3/10) reference region. Among them, 9/10 used the longitudinal 

variant of this pipeline, and 7/10 used 2-compartment PVC (the other 3/10 used no PVC). 

Also, 7/10 used the temporal-lobe meta-ROI (the other 3/10 used inferior temporal), 8/10 

used GM+WM tissue masking, and 8/10 used median statistics.

Comparing best overall vs. best group separation: Compared to the 

method with the best group separation (rank 189 overall), the method ranked #1 

overall (Mayo-Long_GMWM_TemplMeta_Composite_PVC2_Median, rank 6 repeatability, 

rank 10 group-separation) reduced measurement error by 68% (1.45% vs. 4.51%) 

in return for only 9% smaller group separation (t score 5.64 vs. 6.19). The 

method with the second highest group separation was rank 5 overall (Mayo­

Long_GMWM_TemplMeta_SupraWMero3_PVC2_Median, rank 41 repeatability, rank 2 

group-separation). Compared to the method with the highest group separation (rank 189), it 

reduced measurement error by 58% (1.90% vs. 4.51%) in return for only 4% smaller group 
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separation (t score 5.95 vs. 6.19). Compared to the method ranked #1 overall, it had 32% 

higher measurement error (1.91% vs. 1.45%) and 6% worse group separation (t score 5.64 

vs. 5.95).

The worst methods: After omitting those using the ERC target region, the methods 

with the worst measurement error each used cross-sectional pipelines with eroded or 

uneroded supratentorial WM reference regions and GTM PVC, while those with the worst 

group separation used cross-sectional pipelines with eroded supratentorial WM or pontine 

reference regions and GTM or no PVC.

Comparing with our standard internal approach: The SUVR 

method used by our group in prior tau PET publications is 

“MayoCX_GMWM_TemplMeta_CereCrus_None_Median”, and it performed at rank 202 

with middling performance on both criteria (rank 239 repeatability; rank 154 group 

separation). Compared to the method ranked #1, its measurement error was 93% larger 

(2.80% vs. 1.45%), and its group separation was 17% worse (t score 4.69 vs. 5.64). In terms 

of sample size estimates for a hypothetical intervention trial on the cognitively impaired 

participants, this translated to a reduction from roughly n=633 participants (per arm) to 

roughly 312 participants.

Comparing with standard FreeSurfer methods: We also labelled what we 

believe to be the most-standard FreeSurfer based methods in the literature: 

“FSLong_GM_TemplMeta_CereGM_GTM_Mean” (rank 171 overall). It performed well 

for group separation (rank 17; t score 5.50) but poorly for measurement error (rank 333; 

3.62%). Compared to the method ranked #1, its measurement error was 150% larger (3.62% 

vs. 1.45%), and its group separation was 2% worse (t score 5.50 vs. 5.64). Stated another 

way, one could switch quantification methods from this FreeSurfer standard (rank 171) to 

our method ranked #1 to reduce measurement noise by 60% while also improving group 

separation by 2%. In terms of sample size estimates, they were similar (n = 312 per arm for 

rank 1, vs n = 243 for rank 171).

Compared to the method with the best group separation (rank 189 overall), which is 

otherwise identical except uses GTM-Tau PVC instead of GTM, its measurement error 

was 25% smaller (3.62% vs. 4.51%), but its group separation was 13% worse (t score 5.50 

vs. 6.19). Mean-while, the corresponding cross-sectional “standard” FreeSurfer pipeline 

“FSCX_GM_TemplMeta_CereGM_GTM_Mean” (rank 247) performed similarly to its 

longitudinal counterpart in terms of measurement error (3% smaller; 3.52 vs. 3.62) but 

had 15% worse group separation (t score 4.68 vs. 5.50). Compared to these two FreeSurfer 

methods, our “standard” Mayo method (rank 202 overall) ranked between the two for group 

separation but had better repeatability (lower measurement error) than both.

3.4. Impacts of individual methodological choices

In Fig. 3 (2 pages) we present a series of six sets of three box plots (18 plots total). Each 

point on each of these plots represents an individual SUVR measurement method, which 

itself is a combination of six component methodological decisions: target region, reference 
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region, PVC, software package, tissue masking, and voxel statistic. Each of the six sets of 

plots (rows) explores the effects of each possible choice for one of these decisions. For each 

row, the first column plots repeatability, the second plots group separation, and the last plots 

a combination of the two (average of its ranking in each of the two criteria individually). 

The y axes on the first and third plots are flipped so that greater y axis indicates better 

results, consistently across all three columns. Within each plot, line segments between points 

indicate sets where all other variables (choices) were the same except for that row’s variable 

of interest. Points that would have had no such line segments are omitted from the plot; 

for example, the mean vs. median comparisons include no points from FreeSurfer-based 

methods because FreeSurfer does not support median statistics and thus there are no valid 

direct paired comparisons for these methods. Because many combinations are not possible 

or not valid, the number of points on each plot varies. We also omit all methods using 

the entorhinal target region from all plots after the first row, to reduce plotting density 

by eliminating the worst performing methods first. We recognize that it is impossible to 

separate each of these effects individually, but any specific pipeline inherently requires a 

choice for each of them, and we feel that this data provides the best possible way to make 

these choices. We describe these results below. To provide p-values, we performed paired 

Wilcoxon signed rank tests between only those pairs of points that were otherwise the same 

(i.e. those with line segments connecting them).

Target region: In all criteria the temporal lobe meta-ROI slightly outperformed the inferior 

temporal and greatly outperformed entorhinal cortex target regions (all comparisons p ≤ 

0.019). Across all other variables, median sample size estimates (per arm) were 1720 for 

entorhinal, 526 for inferior temporal, and 520 for the temporal lobe meta-ROI.

Reference region: The composite reference region outperformed all others in terms of 

repeatability (all p ≤ 0.008) and combined (all p ≤ 0.016). In terms of group separation, the 

composite reference region was statistically equivalent to the non-eroded SWM (p = 0.461) 

and significantly outperformed all other reference regions (p ≤ 0.011). The non-eroded 

SWM reference region performed the worst for repeatability (p = 0.125 for eroded SWM 

and cerebellar crus, p < 0.008 for all others), but this reference is only valid (and thus only 

included/plotted) when using GTM PVC, so this finding is likely due to GTM PVC rather 

than any property of the region itself. Among cerebellar and pontine reference regions, the 

whole cerebellum outperformed the others in the repeatability (all p < 0.001) and combined 

(all p ≤ 0.012) criteria, and for group separation it outperformed cerebellar crus (p < 0.001) 

and cerebellar GM (p = 0.018) but tied with the pons (p = 0.179). Across all other variables, 

median sample size estimates (per arm) were 373 for the composite reference region, 385 

for eroded SWM, 503 for the pons, 523 for the whole cerebellum, and 633 for the cerebellar 

crus. Altogether, cerebellar and pontine reference regions had a median sample size estimate 

of 559, while those including SWM (including the composite) were 370 (34% less).

PVC: Partial Volume Correction was the variable where the repeatability and group 

separation criteria disagreed the most. GTM-Tau had by far the worst repeatability but 

also by far the best group separation. This disagreement made it only 4th best by the 

combined criterion, but because only 4 methods use GTM-Tau, none of its comparisons 
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were significant. Among the rest, for repeatability, none > PVC2 > PVC3 > GTM, and all 

adjacent pairs in this ordering were significant (p ≤ 0.008). For group separation, PVC2 was 

better than all others (GTM-Tau excluded), but this comparison was only significant for no 

PVC (p < 0.001 vs. no PVC; p = 0.065 vs. GTM; p = 0.94 vs. PVC3). PVC2 was also better 

than all others (GTM-Tau excluded) for the combined criteria (p ≤ 0.016). Across all other 

variables, median sample size estimates (per arm) were 385 for GTM-Tau, 490 for GTM, 

499 for PVC2, 523 for none, and 631 for PVC3.

Software Package/Design: Within the Mayo SPM-based pipelines, the longitudinal 

design outperformed the cross-sectional design (for this longitudinal study) in all criteria 

(p < 0.001 for error and combined; p = 0.099 for group separation). Within the FreeSurfer­

based pipelines, the longitudinal design outperformed the cross-sectional design in the group 

separation criterion (p < 0.001), and this drove its superiority in the combined criteria 

(p < 0.001), but both designs were statistically similar for repeatability (p = 0.312). Our 

primary goal for including both the Mayo and FreeSurfer pipelines in our comparisons was 

not to directly compare them, but to support and validate each other’s findings regarding 

choices of regions, PVC, etc. Such direct comparisons were also under-powered because 

it was only possible to implement 16 methods consistently across all four, but we found 

some significant differences between them anyway. For repeatability, both Mayo variants 

outperformed both FreeSurfer variants; this was significant for the Mayo longitudinal variant 

vs. both FreeSurfer variants (p ≤ 0.001) but not for the Mayo cross-sectional variant (p > 

0.32). For group separation, both Mayo variants outperformed the FreeSurfer cross-sectional 

variant (p ≤ 0.013). The FreeSurfer longitudinal variant had the largest group separation on 

average, but comparisons were only significant for the FreeSurfer cross-sectional variant (p 
< 0.001). For the combined criteria, the Mayo longitudinal variant outperformed all others 

on average; this was significant for both cross-sectional pipelines (p < 0.001) but not for 

the FreeSurfer longitudinal pipeline (p = 0.205). Across all other variables, median sample 

size estimates (per arm) were 583 and 497 (15% smaller) for the Mayo cross-sectional and 

longitudinal variants respectively, and 485 and 325 (33% smaller) for the FreeSurfer cross­

sectional and longitudinal variants respectively. Combining both cross-sectional variants and 

both longitudinal variants, median sample size estimates were 572 for cross-sectional and 

483 for longitudinal (16% smaller).

Tissue Masking: Computing SUVRs from ROIs masked to include both GM and WM 

voxels (i.e. including adjacent juxtacortical WM) outperformed using only GM voxels, in all 

criteria (all p ≤ 0.001). All these comparisons were within the Mayo SPM-based pipelines 

only, because PETSurfer always uses GM ROIs for PET. Across all other variants, median 

sample size estimates (per arm) were the same (521) but paired comparisons favored GM 

and WM together.

Voxel Statistic: Computing SUVRs using the median statistic across voxels in each 

ROI greatly outperformed using the mean in the group separability (p < 0.001) criterion. 

This drove median’s superiority in the combined criterion (p < 0.001), despite mean 

outperforming median in repeatability by a very small but significant (p < 0.001) margin. 

All these comparisons were within the Mayo SPM-based pipelines only, because PETSurfer 
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always uses mean values for PET regions. Across all other variants, median sample size 

estimates (per arm) were 497 for median and 539 for mean.

3.5. Best choices with only cerebellar SUVR

Although reference regions including supratentorial WM (SWM) performed very well in the 

above analyses according both to repeatability and effect-sizes criteria, we recognize that 

there is some uncertainty with the origin of the signal in these locations, and thus hesitance 

to use them as a reference region. We will review those reasons in the discussion, but here 

we also present the results of our analyses when methods are limited only to variants of the 

traditional cerebellar reference regions.

In Fig. 4, we present a modification of Fig. 2 that includes only the cerebellar 

reference regions. In this plot, the methods that performed best (made up the 

top-left corner of Fig. 2) are all missing, because these used either SWM or 

composite reference regions. The highest ranked cerebellar-reference method (Mayo­

Long_GM_TemplMeta_CereWhole_PVC2_Median) was ranked 52 across all methods. 

Compared to the method ranked #1 overall, its measurement error was 62% larger (2.34% 

vs. 1.45%), and its group separation was 11% worse (t score 5.04 vs. 5.64). When limited to 

the methods in Fig. 4, there are no methods that performed well in both the repeatability and 

effect-sizes criteria, and thus users must choose which is more important to them. If favoring 

repeatability (or using our combined criterion), one would choose among a large cluster 

of methods that were largely equivalent. Among the top 5, 4/5 used the Mayo pipelines 

and 4/5 used longitudinal variants. If favoring group separation, one would choose method 

68 (FSLong_GM_TemplMeta_CereGM_GTM-Tau_Mean, rank 189 across all methods), 

which was also the method with the highest group separation across all methods and uses 

longitudinal FreeSurfer with GTM-Tau PVC and a cerebellar GM reference region.

4. Discussion

4.1. Discussion of results

Target regions: Our strongest finding was that AV-1451 tau PET SUVR in the entorhinal 

cortex may be less stable and have worse separation of tau accumulation rates in cognitively 

impaired vs. unimpaired participants, when compared to inferior temporal or temporal-lobe 

composite regions. The lower repeatability may be attributable to its smaller size (fewer 

voxels) compared to larger target regions. As defined in our MCALT_ADIR122 atlas, the 

entorhinal region has only about 17% of the volume of the inferior temporal region and 

only about 5% of the volume of the larger temporal composite region that includes them 

both. The lower performance for group separation may be explained by the presence of 

early-stage tau accumulation in the cognitively unimpaired group, i.e. signal that occurs in 

both groups because entorhinal tau pathology occurs in most adults irrespective of amyloid 

pathology (Braak and Braak, 1991; Crary et al., 2014; Price and Morris, 1999). Some 

previous studies have also reported lower group separability cross-sectionally (Johnson et 

al., 2016; Ossenkoppele et al., 2018; Schultz et al., 2018). Although entorhinal cortex tau 

PET measurements may have worse group separation and repeatability, it has also been 

found that they are associated with memory performance (Knopman et al., 2019; Lowe et 
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al., 2019; Maass et al., 2018), and also for separating unimpaired participants according to 

amyloid status (Vemuri et al., 2017).

Reference Regions: Optimizing the reference region for tau PET SUVR is a highly 

active area of research (Devous et al., 2018; Harrison et al., 2019; Ossenkoppele et al., 2018; 

Southekal et al., 2018; Timmers et al., 2019). We found improved repeatability with eroded 

supratentorial WM and composite reference regions, which is consistent with previous 

findings for amyloid PET (Chen et al., 2015; Fleisher et al., 2017; Landau et al., 2015; 

Schwarz et al., 2017c) and for tau PET (Devous et al., 2018; Harrison et al., 2019; Southekal 

et al., 2018). It differs from one other FTP study that found statistically similar repeatability 

between cerebellar and eroded WM reference regions (Timmers et al., 2019). In our study, 

these regions also had improved longitudinal group separation vs. cerebellar or pontine 

regions, which made the composite reference strongly favored by our combined criterion. 

These gains in group separation are consistent with some previous cross-sectional and 

longitudinal studies (Southekal et al., 2018). However, despite our strong findings here we 

are hesitant to unconditionally recommend these reference regions containing supratentorial 

WM because they contain off-target signal of unknown and/or mixed origin. This off-target 

WM signal is partly correlated with cortical GM signal (Baker et al., 2019), which would 

suggest that SWM reference regions should reduce group separation. Since the opposite 

occurs, it may be that the correlated component of cortical signal is actually additive 

off-target signal within the target region and thus cancelling it out via the SWM reference 

may improve the accuracy of tau measurements, as previously hypothesized (Baker et al., 

2019). Until this hypothesis can be confirmed via larger studies comparing in-vivo scans 

with quantitative histopathology, reference regions containing only SWM should only be 

used with careful consideration of these limitations.

PVC: Partial volume correction methods inherently trade repeatability for accuracy, i.e. 

improve group separation while harming repeatability. The question of whether these gains 

make up for the losses can be subjective. Our study design attempts to give both criteria an 

equal weighting. We found that the GTM-Tau variant had by-far the best group separation, 

but by-far the worst repeatability, which made it the fourth best PVC in our combined 

criterion. This variant was designed specifically for AV-1451 tau PET and attempts to locate 

and correct for regions of off-target binding by parcellating them into separate regions 

prior to performing an otherwise-standard implementation of GTM (Baker et al., 2017). 

Thus, we were not surprised to find that compared to standard GTM it further improved 

group separation at cost of further reduction in repeatability, making it the “strongest” form 

of PVC tested. Standard GTM had the worst repeatability after GTM-Tau, but its group 

separation was on average substantially worse than those of two-compartment voxel-based 

PVC (PVC2) (p = 0.065), which had repeatability that was only slightly but significantly 

(p < 0.001) worse than no PVC. By the combined criterion, PVC2 was the clear winner, 

giving second-best group separation and second-best repeatability. Since the best choice 

for repeatability (no PVC) was among the worst choices for group separation, and the 

best choice for group separation (GTM-Tau) was the worst choice for repeatability, these 

cancelled out for PVC2 (second best in both) to win the combined ranking.
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Our findings for standard GTM largely mirror our previous findings in amyloid PET 

(Schwarz et al., 2018), where it greatly reduced repeatability without substantial gains in 

group separation. The consistency of this result across PET tracers and implementations 

suggests that the major source of relative instability in GTM PVC is not specific to 

any particular PET tracer, but is intrinsic to the method itself. This result was consistent 

across two distinct implementations of GTM PVC, suggesting that it is not specific to any 

particular software implementation.

Our finding of improved group separation with PVC2 vs. no PVC mirrors our previous study 

that found larger longitudinal group separation for two-compartment voxel-based PVC when 

examining a larger set of participants each with shorter, two-time-point trajectories (Jack et 

al., 2018), and mostly agrees with our previous study of PVC in amyloid PiB PET (Schwarz 

et al., 2018).

Although we found a clear benefit for using PVC2 (or GTM-Tau if repeatability is not 

a concern), we are hesitant to recommend it unconditionally because a previous study 

with PiB (amyloid) PET has shown that all these PVC methods did not improve, and 

may minimally reduce, correlations between SUVR and the gold standard of quantitative 

protein measurements at autopsy (Minhas et al., 2018). Therefore, while it is true that 

PVC generally improves group separation and PVC2 can do this with only a very modest 

penalty to repeatability, these improvements may not reflect more accurate quantitation of 

the underlying pathology but may be driven instead by boosting signal from atrophy via the 

underlying T1-weighted MRI. If true, this would suggest that PVC is beneficial in studies 

that analyze PET measurements only but increases redundancy and correlation between 

MRI- and PET-based measurements in studies that use both tests as independent measures of 

different underlying pathologic processes.

Cross-sectional vs. Longitudinal Pipeline Variants: Longitudinal pipeline variants 

are designed specifically to stabilize serial measurements and consequently can improve 

group separation of change over time. The Mayo longitudinal pipeline showed small but 

significant improvements in repeatability and in group separation, vs. its cross-sectional 

variants. The FreeSurfer longitudinal variant outperformed the cross sectional variant in 

the group separation and the combined criteria, but they were statistically equivalent in 

repeatability. The FreeSurfer longitudinal variant (PETSurfer) does not include any option to 

perform coregistration of the PET images across time (it only uses longitudinally processed 

segmentations from MRI) and this may explain why repeatability was equivalent. In total, 

these results showed clear benefits to using longitudinal pipeline designs when measuring 

tau PET SUVR change over time.

Longitudinal processing designs have the drawbacks of additional complexity/runtime and 

that addition of subsequent time points will alter all previous measurements. For most 

clinical trial designs with finite end points, these increased logistical costs would be much 

smaller than savings from reduced enrollment sample sizes. For example, our median 

sample size estimates (per arm) for the FreeSurfer pipelines were 325 for longitudinal 

and 485 for cross-sectional (32% improvement). It has been estimated that the average cost 

per patient enrolled in US clinical trials of new therapeutic agents is over $40,000 (Moore 
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et al.,2020). With this estimate, assuming two arms per trial, the cost savings of using 

longitudinal processing software would be approximately $13 million (2 × (485–325) × 

40,000). However, for long-running observational studies, and especially those with rolling 

data releases, these added complexities may be more challenging.

Tissue-Class Masking: Our findings showed that including adjacent (juxtacortical) WM 

voxels in target ROIs greatly improved measurement repeatability and improved group 

separation. Improved repeatability is likely due to a larger set of voxels being averaged, 

consistent with repeatability improvements when using larger target and reference regions. 

Improved group separation may be due to inclusion of low-level signal in juxtacortical WM 

that has been associated with several non-AD pathologies that affect cognition (Josephs et 

al., 2016; Lowe et al., 2016; Marquié et al., 2017a) and may be concomitant in our sample 

even though we tried to exclude them. The option to include juxtacortical WM voxels in 

SUVR measurements is not available in FreeSurfer, and we hope that our findings will 

encourage its addition to this and other software.

Statistic: Our findings showed significant and substantial benefits to group separation 

from computing SUVRs using median values instead of mean values across the included 

voxels. These improvements may stem from reducing the influence of outliers in these 

measurements. The option to use median values instead of mean is not available 

in PETSurfer, and our literature searches suggest it is generally uncommon in PET 

measurement software. We hope that our findings will encourage its more widespread 

implementation.

Overall Tau PET SUVR Repeatability: Our data suggests that the measurement error in 

Flortaucipir SUVR in a temporal-lobe meta-ROI with a cerebellar reference region and no 

PVC is approximately 2–3%. This value is considerably lower than one previously published 

estimate of 4.6% using test-retest data with comparable target and reference regions (Devous 

et al., 2018). Another study estimated 3.5% for a medial temporal meta-ROI and 0.7% 

for a lateral temporal meta-ROI (Timmers et al., 2019); our meta-ROI includes ROIs from 

both, so this is difficult to compare directly. Our estimates may differ from others’ due to 

differences in study design (unexplained longitudinal variance in our study vs. short-time 

test-retest), differences in the SUVR quantification software used, or simply the different 

populations tested. Using our same methodology, we previously measured the unexplained 

variance in PiB (amyloid) PET SUVR in a cortical composite region as approximately 2–4% 

depending on the reference region used (Schwarz et al., 2018). Our findings here suggest 

that the repeatability of Flortaucipir SUVR is roughly comparable to that of PiB.

4.2. Strengths and limitations of current study

To our knowledge, this is the first study to analyze deviation from linearity as a measure of 

measurement noise in tau PET SUVR. Our study is most similar to (Harrison et al., 2019), 

which compared a smaller set of approaches using a smaller cohort (n = 42) with two-time­

point trajectories. Another previous study used test-retest repeatability in 21 participants to 

compare several target regions and two reference regions, but it did not study the effects 

of partial volume correction and other methodological variables, nor effects on longitudinal 
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group separation (Devous et al., 2018). Another measured repeatability in 14 participants 

and additionally compared SUVR with fully quantitative methods from dynamic scans, but it 

also compared only two reference regions and did not assess other methodological variables 

or longitudinal group separation.

Our sample size of 97 participants is relatively modest when compared to some previous 

longitudinal studies of Flortaucipir SUVR, but we restricted our cohort to include only 

participants with at least 3 longitudinal time points in order to use our repeatability 

metric, and we only included impaired participants with amnestic phenotypes to exclude 

participants who were most likely to have pathologies that are not targeted by Flortaucipir. 

Most of our findings were statistically significant, and we believe that these findings provide 

the best available guidance to those presently analyzing serial tau PET data to make 

data- driven methodological decisions. To lend practical interpretability to our findings, 

we also calculated sample size estimates for a hypothetical clinical trial using each SUVR 

method, but we these values should be interpreted with caution because we computed them 

retrospectively for this study that was not carefully designed to imitate a clinical trial. Future 

work will formally explore the effects of our software pipeline findings on clinical trial 

design.

We acknowledge that our conclusions regarding analytical approach would best generalize 

to other studies with similar populations and length of follow-up. For example, studies 

including participants with more-rapid atrophy, or those with a longer period of follow-up, 

could potentially benefit more from partial volume correction than what we measured in 

our current study. We also acknowledge that our data used SUVR, which is inherently a 

semi-quantitative measurement compared to quantitative metrics from dynamic PET scans 

(Timmers et al., 2019). It is possible that our findings may not generalize to quantitative 

tau PET data, but studies using late-uptake SUVR measures are also much more prevalent 

due to their substantially reduced scan times and patient burden. It is also possible that our 

findings may not generalize to studies using other tau PET tracers.

It is possible that cross-scanner differences contributed partly to our estimates of 

measurement noise, but this source of variance would similarly affect all pipelines. We 

also repeated our analyses using only the participants who did not switch between GE and 

Siemens MRI across their three time points (n = 18: 7 CU + 11 CI), and we found that the 

exact same method was select as rank 1 despite this much smaller sample.

5. Conclusions

Combining all our findings, an optimal software method for measuring change in tau PET 

SUVR should use a longitudinal design with a temporal-lobe composite target region 

including juxtacortical WM, a composite (eroded supratentorial WM + pons + whole 

cerebellum) reference region, 2-class voxel-based PVC, and median statistics. The strongest 

among these findings were: 1) larger temporal-lobe ROIs greatly outperformed entorhinal 

cortex (median sample size estimates were 520–526 vs. 1740); 2) longitudinal pipelines 

outperformed cross-sectional pipelines (median sample size estimates were 483 vs. 572); 
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and 3) reference regions including supratentorial WM outperformed traditional cerebellar 

and pontine options (median sample size estimates were 370 vs. 559).

We came to each of the above conclusions individually by comparing performance 

across each variable, and when we compared all 415 valid combinations, the top-ranked 

combination was the one that used each of these individually optimal choices. Compared 

with the most standard FreeSurfer approach, this top-ranked method reduced measurement 

error from 3.62% to 1.45% (60% smaller) while also slightly improving group separation 

from a t-score 5.50 to 5.64 (2% larger).

The GTM-Tau PVC method (Baker et al., 2017) achieved extremely high group­

discrimination but had poor repeatability. It is also based primarily on the FreeSurfer 

architecture, which had worse repeatability than our SPM-based pipelines and lacks other 

options that improved repeatability, like median statistics, eroded WM and composite 

reference regions, and including juxtacortical WM in target regions. Future work should aim 

to implement more of these repeatability-improving options in FreeSurfer/PETSurfer, and 

implement GTM-Tau within the SPM-based architecture, and compare these new variants 

toward producing a more optimal combined method. These approaches should also be 

compared against methods that are not based on pre-defined regions of interest but rather 

data-driven sets of voxels (Bourgeat et al., 2021; Lilja et al., 2019; Whittington and Gunn, 

2018), and PET-only approaches (Bourgeat et al., 2017; Doré et al., 2019; Lilja et al., 2019). 

Future work could also compare methods using other tau PET tracers, or amyloid PET 

tracers, or compare methods using a new criteria to determine which maximize similarity 

across tracers using tracer cross-over datasets.
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Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. 
Each point shows the estimated relative residual error (x-axis) and longitudinal group 

separation effect size (y-axis; t statistic) for a given SUVR method, across all participants. 

Methods in the top-left are best by both criteria. The crossbars show 95% confidence 

intervals for each point’s position on each axis. Points are colored by that method’s choice 

of target region. Ticks in the margins indicate the 20, 40, 60, and 80th percentiles for each 

axis.

Schwarz et al. Page 27

Neuroimage. Author manuscript; available in PMC 2021 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Fig. 2. 
Each point shows the estimated relative residuals error (x-axis) and longitudinal group 

separation effect size (y-axis; t statistic) for a given SUVR method, across all participants. 

Methods in the top-left are best by both criteria. Selected points are labelled, for discussion 

purposes, using numbered labels (their ranking by the average of their ranks on both 

criteria). The cross-bars show 95% confidence intervals for each point’s position on each 

axis. To reduce over-plotting, methods using the entorhinal cortex target region (n = 152, 

which performed strictly worse than the other target regions) are omitted from the plot, 

leaving 304 total points/methods here. Ticks in the margins indicate the 20, 40, 60, and 80th 

percentiles for each axis.
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Fig. 3. 
(part 1): Contributions of individual methodological choices. Each point is an SUVR 

method, and lines indicate sets where all other variables were consistent. Only valid 

combinations are plotted, and points without at least one valid direct comparison are 

omitted. Axes are flipped as needed so that higher values are better. The combined criterion 

is the average of each method’s rank according to each of the two criteria individually. 

Methods using the entorhinal target are omitted from all plots except target region.
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Fig. 3 (part 2): Contributions of individual methodological choices. Each point is an 

SUVR method, and lines indicate sets where all other variables were consistent. Only 

valid combinations are plotted, and points without at least one valid direct comparison are 

omitted. Axes are flipped as needed so that higher values are better. The combined criterion 

is the average of each method’s rank according to each of the two criteria individually. 

Methods using the entorhinal target are omitted from all plots except target region.
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Fig. 4. 
Cerebellum-reference subset of Fig. 2: Each point shows the estimated relative residual error 

(x axis) and longitudinal group separation effect size (y axis; t statistic) for a given SUVR 

method, across all participants. Methods plotted in the top-left are best by both criteria. 

Selected points are labelled, for discussion purposes, using numbered labels (their ranking 

by the average of their ranks on both criteria). The cross-bars show 95% confidence intervals 

for each point’s position on each axis. To reduce over-plotting, methods using the entorhinal 

cortex target region (n = 74, which performed strictly worse than the other target regions) are 

omitted from the plot, leaving 148 total points/methods here. Ticks in the margins indicate 

the 20, 40, 60, and 80th percentiles for each axis.
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