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Abstract
Purpose  To date, there is no consensus on how to semi-quantitatively assess brain amyloid PET. Some approaches use late acquisi-
tion alone (e.g., ELBA, based on radiomic features), others integrate the early scan (e.g., TDr, which targets the area of maximum 
perfusion) and structural imaging (e.g., WMR, that compares kinetic behaviour of white and grey matter, or SI based on the kinetic 
characteristics of the grey matter alone). In this study SUVr, ELBA, TDr, WMR, and SI were compared. The latter — the most 
complete one — provided the reference measure for amyloid burden allowing to assess the efficacy and feasibility in clinical setting 
of the other approaches.
Methods  We used data from 85 patients (aged 44–87) who underwent dual time-point PET/MRI acquisitions. The correlations 
with SI were computed and the methods compared with the visual assessment. Assuming SUVr, ELBA, TDr, and WMR to be 
independent measures, we linearly combined them to obtain more robust indices. Finally, we investigated possible associations 
between each quantifier and age in amyloid-negative patients.
Results  Each quantifier exhibited excellent agreement with visual assessment and strong correlation with SI (average 
AUC = 0.99, ρ = 0.91). Exceptions to this were observed for subcortical regions with ELBA and WMR (ρELBA = 0.44, 
ρWMR = 0.70). The linear combinations showed better performances than the individual methods. Significant associations 
were observed between TDr, WMR, SI, and age in amyloid-negative patients (p < 0.05).
Conclusion  Among the other methods, TDr came closest to the reference with less implementation complexity. Moreover, 
this study suggests that combining independent approaches gives better results than the individual procedure, so efforts should 
focus on multi-classifier systems for amyloid PET. Finally, the ability of techniques integrating blood perfusion to depict 
age-related variations in amyloid load in amyloid-negative subjects demonstrates the goodness of the estimate.
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Introduction

Amyloid PET (amy-PET) is an imaging technique that 
enables highly accurate, in vivo detection of amyloid-β 
(Aβ) plaques, considered a pathological hallmark of 
Alzheimer’s disease (AD) [1]. Over the years, amy-PET 
has provided useful support to clinicians by increasing 
diagnostic confidence and helping them refine manage-
ment plans [2, 3]. In clinical practice, amy-PET is mainly 
inspected qualitatively, sometimes with the aid of struc-
tural imaging (i.e., CT or MRI), with results classified 
as positive or negative. In terms of diagnosing AD, the 
negative predictive value of the test is very high, whereas 
the implications of a positive result are more complex and 
depend also on the prevalence of brain amyloidosis in the 
elderly. Several studies have reported Aβ deposition to be 
common in cognitively healthy subjects in late adulthood, 
and to increase in its frequency with age [4–7].

Semi-quantitative or quantitative approaches are 
increasingly being used to complement qualitative 
assessments. These measures are essential to much of the 
research on neurodegeneration as they improve agreement 
between raters [8–10], are part of the inclusion criteria 
(and outcome biomarkers) in anti-amyloid clinical trials 
[11–15], and provide valuable information on Aβ distri-
bution that may be useful in staging the progress of an 
individual’s Aβ pathology [16–18].

To date, there is no established consensus on how to 
semi-quantitatively assess amy-PET. Besides SUVr, the 
most widely used [19] method, various alternatives using 
different sources of information are available. Analysis can 
be based on standard late acquisition alone, as with methods 
like ELBA or AβL [20, 21], or can include tracer kinetic 
information obtained by adding early acquisition, as with 
TDr [22]. Our group proposed a more sophisticated proce-
dure, called the Slope Index (SI), which also takes into con-
sideration atrophy and spillover by including MRI data [23].

In this study, we compare various semi-quantitative 
approaches with increasing degrees of refinement at 
both the global and regional levels: SUVr, ELBA, TDr, 
WMR, and SI. In the absence of absolute quantification, 
we selected SI — the most complete approach — as the 
reference measure of Aβ load. The choice of a reliable 
measure as reference allowed us to assess the efficacy of 
the quantifiers and the feasibility of using them in clini-
cal and research settings. Although kinetic modeling is 
optimal for accurate therapy monitoring and longitudi-
nal studies [24] (in this case, a valuable compromise is 
made between accuracy and simplicity [25]), advanced 
semi-quantitative approaches (especially using dual time-
window protocols) might be an option if a certain error is 
acceptable. The results of the present study are potentially 

of great importance in view of anti-amyloid treatments 
in patients with AD. While it can be argued that amyloid 
plaque load, as measured by amy-PET with standard late 
acquisition, is a valid surrogate endpoint for drug effects, 
it should also be noted that advanced semi-quantitative 
methods (such as those discussed in this paper) that also 
include blood flow analysis (using early phase) are able to 
detect not only amyloid load [26] but also neurodegenera-
tion (as 18F-FDG does), and therefore represent a more 
robust end point for monitoring disease-modifying drugs 
targeting amyloid deposition.

Materials and methods

Dataset

In this study, we used a single-center dataset to test different 
semi-quantitative approaches, including dual time-window 
protocols. The data were obtained from 85 patients (aged 
44–87, μ = 70.9 ± 10.1; 45.8% women) at the University 
Hospital of Leipzig, Germany. The subjects are described 
in detail in [23], and their clinical diagnoses are listed in 
Supplementary Table 1.

PET/MRI acquisition

Each patient received an intravenous injection 
of ~300 MBq 18F-florbetaben in an integrated 3T PET/
MRI system (Biograph mMR; Siemens), then underwent 
PET/MRI with scans performed at 0 to 10 min (early) 
and at 90 to 110 min (late) after injection. Late acquisi-
tion was in accordance with the recommendations of the 
tracer manufacturer [27] and the guidelines of the Euro-
pean Association of Nuclear Medicine and the Society 
of Nuclear Medicine [28]. Anatomical data were also 
obtained via 3DT1 1-mm isotropic MRI in parallel with 
the PET scan. Further details on the 3DT1 MRI acquisi-
tion, and the amy-PET reconstructions and correction are 
provided elsewhere [23]. The 85 late scans were visually 
inspected by two independent nuclear medicine experts 
and classified as either amyloid-negative (54 subjects, 
aged 44–87, μ = 69.9 ± 10.6) or amyloid-positive (31 sub-
jects, aged 48–83, μ = 72.3 ± 9.1). Discrepancies were 
resolved by consensus discussion with a third independ-
ent reviewer.

Image processing

Each amy-PET was semi-quantitatively assessed by means 
of five independent approaches (hereinafter referred to as 
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quantifiers): SUVr [19], ELBA [20], TDr [22], WMR [23], 
and SI [23]. Details of each quantifier can be found in their 
respective papers. A summary of their underlying method-
ologies is given here:

SUVr is calculated as the ratio of count densities between 
a target and a reference region of interest (ROI) [19]. In this 
work, it was normalized (as is frequently the case in the 
literature) using the whole cerebellum [24].

ELBA is a radiomic-based, SUVr-independent approach 
designed to capture intensity distribution patterns, which 
are global properties of the whole brain and do not require 
a reference ROI [20].

TDr is defined in [22] and is the ratio of counts exploiting 
the information on tracer kinetics provided by dual time-
point acquisition to adapt both the target and the reference 
ROIs of each individual.

The SI and WMR indices are obtained from an analytical 
method that requires dual time-point amy-PET acquisition 
and a co-registered MR, allowing for blood flow and partial 
volume effect corrections (PVEC) [23].

The SI uses a kinetic assessment of the gray matter (GM) 
characteristics that considers a surrogate for blood flow 
(through the early acquisition) including a partial correction 
for blood flow dependence in addition to corrections for atrophy 
and spillover.

The WMR instead has no immediate pathophysiologi-
cal justification. It stems from the empirical observation 
that the intensity contrast in the early acquisition vs. the 
late one — calculated on both cortical and white matter 
(WM) regions — has distinct behavior in clearly positive 
and negative subjects. WMR does not involve normaliza-
tion on a reference region, but the ratio is calculated on 
the difference between the mean activity concentration 
in the target region and the WM, using both the early 
and late scans.

Each quantifier is designed to capture specific characteris-
tics of the image data that are directly or indirectly related to 
the expected amyloid load (and blood flow). These methods 
make use of different types of information, details of which 
are shown in Table 1 along with the minimum requirements 
to perform the analysis.

Subcortical volumes, segmentation of the subcortical 
WM, and cortical thickness and surface area were esti-
mated from the 3DT1 MRI using FreeSurfer 5.3 (https://​
surfer.​nmr.​mgh.​harva​rd.​edu) [29]. This processing 
included motion correction, skull stripping, registration 
to Talairach space, segmentation, intensity normaliza-
tion, and parcellation mapping according to the Desikan-
Killiany cortical labelling protocol.

In this study, we compared the quantifiers at both 
the global and regional levels. Five lobar ROIs for each 
hemisphere were obtained from the FreeSurfer parcella-
tion (i.e., the frontal, parietal, temporal, occipital, and 
central structures); see Supplementary Fig. 1. The global 
ROI was obtained by merging the 10 lobar ROIs. The 
global and lobar ROIs were used as target regions in the 
analyses.

For the SI and WMR quantifiers, image registration to 
the MNI space was guided by the individual patient’s 3DT1, 
which resulted in the atlas ROIs accurately overlapping with 
those of the patients. For SUVr, ELBA, and TDr — since an 
MRI is not required — image registration was guided only 
by a generic amyloid template in the MNI space (see [20]), 
resulting in a coarser alignment between the atlas and the 
patients’ PET dataset.

The results from each quantifier were z-scored to enable 
better comparison of the different methods with possibly 
different scales.

Image analysis

Due to the lack of an absolute quantification (full kinetic 
acquisition was not available in our dataset), the SI quanti-
fier — the most comprehensive and sophisticated approach 
— was used as the reference measure for Aβ burden. SI 
includes correction for atrophy, spillover, and blood flow 
dependence, and is therefore the quantifier that takes the 
most error sources into consideration.

To compare both the global and lobar SUVr, ELBA, 
TDr, and WMR with SI, we first determined the correla-
tions and quantified the dispersion with a Bland–Altman 
analysis.

The discriminating power of the different approaches 
compared with the visual assessment was then measured 
by the area under the receiver operating characteristic curve 
(AUC-ROC). Assuming SUVr, ELBA, TDr, and WMR to be 
proxy measures of the true Aβ load (estimated from the SI), 
we linearly combined them to obtain more robust indices, 
and compared these combinations with SI.

Finally, we assessed the sensitivity of each quantifier to 
Aβ plaque accumulation in patients classified qualitatively as 
amyloid-negative, with the idea that a more sensitive method 
could better identify an Aβ load that was physiologically 
increasing with age.

Table 1   Minimum requirements for each quantifier

Acquisition Processing

PET
late

PET
early

MRI
T13D

reference
ROI

target
ROI

SUVr • • •
ELBA •
TDr • •
WMR • • • • •
SI • • • • •
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Assessment of the differences between the quantifiers 
and SI

As noted, the agreement between SUVr, ELBA, TDr, and 
WMR and SI was assessed with a Bland–Altman analysis. 
The divergences were quantified by the σ of the differ-
ence between the global and the lobar SI and the corre-
sponding values of the other quantifiers. The confidence 
intervals for the σ were obtained from a 1000 iteration 
bootstrap procedure.

We linearly combined SUVr, ELBA, TDr, and WMR 
into three scores: AVG1 (the weighted mean of SUVr and 
ELBA), AVG2 (the weighted mean of SUVr, ELBA and 
TDr), and AVG3 (the weighted mean of SUVr, ELBA, 
TDr, and WMR). The inverse of the global divergences 
from SI (1/σ) were used as weights for the average mean 
of the quantifiers of concern. Thus, the quantifier hav-
ing a better agreement with SI contributed more to each 
combination.

The linear correlation between the global and regional 
SUVr, ELBA, TDr, WMR, AVG1, AVG2, and AVG3 and 
the corresponding SI was measured by the Pearson cor-
relation coefficient.

To verify SUVr, ELBA, TDr, and WMR as independ-
ent measures of Aβ load, we looked at the residuals of 

all possible linear models including these measures (i.e., 
SUVr ~ ELBA, SUVr ~ TDr, SUVr ~ WMR, ELBA ~ TDr, 
ELBA ~ WMR, and TDr ~ WMR). The Pearson correla-
tion coefficient between the residuals and the predictors 
was estimated for each model.

Agreement between the quantifiers and the visual 
classification

The discriminating power of the quantifiers and of their 
combinations were measured by AUC for negative- vs. pos-
itive-labeled scans. This assessment was repeated for both 
the global and lobar scores. The generalized performance of 
each score was estimated using a 1,000 iteration bootstrap 
procedure.

Comparisons in amyloid‑negative patients

Linear regression was used to test for possible associations 
between each quantifier (global and lobar scores), age, and 
cortical thickness in amyloid-negative patients.

Before running the regressions, the variance inflation 
factor (VIF) was computed to verify the possible col-
linearity between age and cortical thickness (global and 
lobar).

Fig. 1   Dispersions of the 
quantifiers (and of their linear 
combinations) from SI at the 
brain and lobar levels. The 
values reported correspond to 
the bootstrapped divergences 
from SI and are expressed as the 
average σ from the Bland–Alt-
man analysis
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Results

Analysis of the differences between the quantifiers 
and SI

The average divergences of each quantifier from SI are 
summarized in Fig. 1 (the corresponding 95% confidence 
intervals are reported in Supplementary Table 2). In each 
Bland–Altman plot examined, the regression lines and the 
zero bias line fell within the 95% confidence interval, thus 
excluding bias changes over the measuring interval. Exam-
ples of the Bland–Altman plots and the divergences from SI 
are given in Fig. 2. Among the quantifiers, SUVr and TDr 
exhibited lower dispersion from SI both globally (whole 
brain; σSUVr = 0.31, σTDr = 0.32) and regionally (average 
over lobes; σSUVr = 0.42, σTDr = 0.43). The highest disper-
sion from SI at the global level was exhibited by WMR 
(whole brain σ = 0.57), and at the regional level by ELBA 
(average lobar σ = 0.55). Examples of cases with greater 
distance to the SI are shown in the Supplementary Fig. 2. 
The lowest lobar variances (σ = 0.31) were observed in 
TDr (frontal right lobe) and WMR (parietal right lobe). 
This is in line with the results that showed the frontal and 
parietal to be the lobes with the lowest dispersion (aver-
ages over quantifiers; σfrontal = 0.35, σparietal = 0.35). On the 
other hand, ELBA in the right subcortical ROI exhibited the 
highest dispersion (σ = 1.06); the highest variances with SI 
were also observed in this region (average over quantifiers; 
σcentral = 0.78).

As expected, the σ of the three linear combinations 
(i.e., AVG1, AVG2, and AVG3) was lower than those of 
the quantifiers included in each combination (whole brain; 
σAVG1 = 0.25, σAVG2 = 0.24, σAVG3 = 0.25; see Fig.  2). 

Moreover, the regional average σ of the linear combinations 
decreased as another quantifier was added.

As evidenced by the correlation coefficients (ρ) summarized 
in Fig. 3, each quantifier correlated strongly with SI both glob-
ally and regionally, although with some exceptions. In line with 
the dispersion analysis, there was only a moderate correlation 
in the subcortical regions (average ρcentral = 0.67). Moderate 
correlations were also observed between SI and WMR (right 
subcortical ρ = 0.69; left temporal ρ = 0.67), and between SI 
and ELBA (central ROI; ρright = 0.43, ρleft = 0.46). The strong-
est correlations were found in the frontal and parietal lobes 
(average over quantifiers; ρfrontal = 0.94, ρparietal = 0.94). Con-
sistent with the dispersion analysis, SUVr and TDr exhibited 
the strongest correlations with SI both globally (whole brain; 
ρSUVr = 0.95, ρTDr = 0.95) and regionally (average over lobes; 
ρSUVr = 0.9, ρTDr = 0.9). Nonetheless, the lowest correlations 
were with WMR at the whole-brain level (ρ = 0.83), and with 
ELBA at the regional level (average over lobes; ρ = 0.81). Also 
consistent with the dispersions, the coefficients ρ of the three 
linear combinations were higher than those of the single quan-
tifiers included in each combination (at both the regional and 
global levels).

The residuals and the predictor variables of the linear 
models — SUVr ~ ELBA, SUVr ~ TDr, SUVr ~ WMR, 
ELBA ~ TDr, ELBA ~ WMR, and TDr ~ WMR — were 
found to be uncorrelated, while the linear regressions of the 
residuals of each model against the respective predictor were 
all found to be compatible with the null model.

Agreement with the visual classification

The bootstrapped generalized performance vs. the consensus 
binary visual assessment is summarized in Fig. 4 and in 

Fig. 2   Bland–Altman plots of SUVr vs. SI (left), ELBA vs. SI (mid-
dle), and AVG1 (weighted mean of SUVr and ELBA) vs. SI (right). 
The quantifiers are compared in these plots at the whole-brain level. 

As expected, a combination of two methods (AVG1) reduces the dis-
persion (red area) of the Bland–Altman plot compared with the single 
methods
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Supplementary Table 3. The results were excellent for all the 
approaches (whole-brain average AUC = 0.99), and for their 
weighted averages (whole-brain average AUC = 1).

The lowest AUCs were observed in the subcortical 
lobes with ELBA (AUC​left = 0.79, AUC​right = 0.71), 
whereas regional AUC = 1 was observed for different 

Fig. 3   Correlations between 
the quantifiers (and their linear 
combinations) and SI at the 
whole-brain and lobar levels 
(all correlations significant at 
p < 0.05)

Fig. 4   Regional and whole-
brain AUC performance (aver-
age over bootstrap sampling) of 
the quantifiers and their linear 
combinations vs. visual assess-
ment
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quantifiers in different regions (e.g., parietal, frontal, 
temporal). The central was the brain area with the lowest 
AUC (average AUC over the quantifiers = 0.90), whereas 
the parietal and frontal had the highest (average AUC 
over the quantifiers = 0.99). With a global value of 0.98, 
WMR had a slightly lower AUC than the other quanti-
fiers. However, in interpreting these results it should 
be borne in mind that the slight differences in the aver-
age AUCs are not relevant if the confidence intervals 
overlap.

Comparisons in amyloid‑negative patients

A moderate correlation between age and cortical thick-
ness was observed in amyloid-negative patients (|ρ|< 0.48, 
p < 0.05). However, the VIF excluded collinearity of these 
variables (< 1.29 for all covariates).

The results from the linear models are given in 
Table 2. Below, we describe the significant associations 
that survived a Benjamini–Hochberg correction for mul-
tiple comparisons.

At the global level, TDr, WMR, and SI were significantly 
associated with age (adjusted p < 0.05). Similarly, in each 
brain lobe (both right and left hemispheres) significant asso-
ciations were observed between TDr, WMR and SI and age 
(adjusted p < 0.05). The only exception was WMR in the 
right occipital lobe, which was not related to age (p > 0.05). 
Linear relationships between SUVr, ELBA, and age were 
observed only in the right temporal lobes (adjusted p < 0.05). 
No associations between cortical thickness and the quanti-
fiers survived at both the global and lobar levels. The regres-
sion slopes of each significant association were positive. Fig-
ure 5 shows the positive associations between the quantifiers 
including early acquisitions and age at the whole brain level.

Table 2   Associations between 
the quantifier scores, age, 
and cortical thickness at the 
whole-brain and lobar levels in 
qualitatively assessed amyloid-
negative patients

** p < 0.001, *p < 0.05, n.s. p > 0.05
a Still significant (p < 0.05) after p-value correction for multiple comparisons with the Benjamini–Hochberg 
procedure for multiple testing

Region Quantifier Age Thickness

β p β p

Whole brain SUVr n.s n.s
ELBA n.s n.s
TDr 0.021 **a n.s
WMR 0.022 *a n.s
SI 0.020 **a 0.724 *

Frontal right/left SUVr n.s./n.s n.s./n.s
ELBA n.s./n.s n.s./n.s
TDr 0.019/0.020 **a/**a n.s./n.s
WMR 0.017/0.016 *a/*a n.s./n.s
SI 0.018/0.019 **a/**a –/0.698 n.s./*

Parietal right/left SUVr n.s./n.s n.s./n.s
ELBA n.s./n.s n.s./n.s
TDr 0.018/0.020 *a/**a n.s./n.s
WMR 0.014/0.013 *a/*a n.s./n.s
SI 0.019/0.019 **a/** a n.s./n.s

Temporal right/left SUVr 0.017/– *a/n.s 0.859/– */n.s
ELBA 0.013/– *a/n.s 1.010/– */n.s
TDr 0.023/0.021 **a/**a n.s./n.s
WMR 0.028/0.028 *a/*a 1.130 / 1.901 */*
SI 0.023/0.020 **a/**a 0.885 / 0.574 */*

Occipital right/left SUVr n.s./n.s n.s./n.s
ELBA n.s./n.s n.s./n.s
TDr 0.019/0.019 **a/*a n.s./n.s
WMR –/0.018 n.s./*a n.s./n.s
SI 0.021/0.026 **a/**a n.s./n.s
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Discussion

The overall purpose of this study was to compare approaches 
for semi-quantitative analysis of amy-PET image data using 
different sources of information and with increasing levels 
of refinement.

Among the methods considered in this comparison, SI is 
the most comprehensive and the most complex as it takes 
into account the widest range of potentially confounding 
factors.

Like WMR, the SI requires dual time-point PET/MRI acqui-
sition (or a PET/CT and a 3DT1 MPRAGE isotropic acquisi-
tion) and the construction of a patient-specific atlas [23].

Under particular conditions however (e.g., in case of 
low perfusion of the target region), the WMR denominator 
can become small, making this index numerically unstable. 
Moreover, inaccuracies in the segmentation of the WM in 
PET may increase its variability.

These considerations, despite the two methods using the 
same imaging data, led us to keep SI as the reference meas-
ure of Aβ against which the performances of SUVr [19], TDr 
[22], ELBA [20], and WMR [23] were evaluated.

At the whole-brain level, each quantifier showed excel-
lent agreement with the visual assessment, so in terms of 
the binary classification there was substantial equivalence 
between the methods. Visual assessment showed that our 
dataset mainly comprised two distinct clusters: amyloid-
negative (SI; μ = 0.01 ± 0.12) and amyloid-positive patients 
(SI; μ = 0.65 ± 0.19). A much larger dataset including 

subjects with prodromal AD stages could better elucidate 
the “gray zone” between positivity and negativity, and pos-
sibly heighten the differences among the methods.

The correlation analysis showed that there were strong 
associations between SI and every quantifier considered 
in this study, at both the regional and global levels. At the 
global level, WMR was the approach that most diverged 
from SI (confirmed by the dispersion analysis) as it consid-
ers the kinetics in a given cortical region compared with 
the kinetics in the WM of the same subject. Other quan-
tifiers, however, use WM information, although only par-
tially: ELBA measures the contrast between WM and GM, 
and TDr uses WM to normalize the counts on the hot spot. 
Only SUVr (at least the cortico-cerebellar implementation) 
focuses mainly on pure cortical distribution, without consid-
ering WM distribution. The fact that WMR correlates with 
the visual binary classification and with age in cases classi-
fied as qualitatively negative shows it to be a good metric, 
albeit based on different assumptions.

At the regional level, the differences between the quan-
tifiers seem to be related to specific characteristics of the 
approaches. For example, a lack of agreement between 
ELBA and SI was found in the basal ganglia (central ROI). 
This may be explained by several factors: first, image regis-
tration does not rely on the accompanying MRI, and second, 
the WM/GM contrast — the ELBA’s backbone — is harder 
to identify in deep structures. SI, on the other hand, con-
structs a patient-specific atlas (based on the patient’s MR), 
which allows for a much more precise alignment of the 

Fig. 5   Scatter plot of age vs. whole-brain SI (left) and TDr (right) in the amyloid-negative subset. Both SI and TDr correlated significantly with 
age (ρ = 0.51 and ρ = 0.48, respectively)
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basal ganglia, deep nuclei, and insula. These results might 
have relevance for imaging Down syndrome or genetic AD 
patients, as in these entities amyloid pathology is also pre-
sent in basal ganglia areas.

As seen in the results section, SUVr, ELBA, TDr, 
and WMR all come close to SI despite differing in their 
nature and characteristics. By linearly combining these 
techniques we obtained scores (i.e., AVG1, AVG2, AVG3) 
closer to SI. Moreover, by repeating the analysis with 
AVG1, AVG2, and AVG3 calculated as unweighted aver-
ages, these combinations were found to be even closer 
to SI than the single approaches (see Supplementary 
Table 4). This suggests that the weights, calculated with 
respect to SI, only introduce an improvement factor and 
confirms the suitability of SI as the reference. If this were 
not the case, then combining different independent meth-
ods blind to the reference would not achieve greater close-
ness, and might even move away from it.

Even if scans come from a single center, they may exhibit 
heterogeneity that can differently impact the quantifiers (see 
Supplementary Fig. 2). The method-specific fluctuations 
observed on the distance from the SI suggest that a multi-
method approach (i.e., the integration of different sources of 
information and/or independent techniques) is ideal. Indeed, 
we found that a combination of independent quantifiers pro-
vided better results than the individual quantifiers both in 
terms of correlation and distance from the chosen reference 
method. The analysis of the independence of SUVr, ELBA, 
and TDr confirms the observations of our group [22] using 
a different radiotracer.

Furthermore, it should be noted that, regardless of the 
analysis aim, the integration of structural imaging into the 
image registration and ROIs definition improves robustness, 
but with an additional complexity in processing.

In patients qualitatively classified as amyloid negative, 
the methods that included a correction for blood flow (SI, 
WMR, and TDr) were able to identify the physiologic accu-
mulation of amyloid with age, showing that a metric that 

includes the early phase is more accurate (i.e., that includes 
information on blood flow and hence on neurodegeneration).

Further considerations on the quantifier choice

A first discriminating factor in choosing a suitable semi-
quantification method is the imaging data availability (i.e., 
early, late acquisition and MRI). Depending on it (and sec-
ondarily, on the desired level of analysis refinement), different 
strategies can be chosen. The results of our study suggest, for 
example, that a raw binary evaluation of late scan can already 
be achieved with the SUVr alone. Further improvement of 
late scan analysis could be provided by integrating ELBA. A 
graphical representation of the possible approaches consider-
ing different levels of refinement is provided in Fig. 6. From 
this perspective, the addition of an early scan would allow the 
use of TDr. Instead, if higher complexity is possible (MRI also 
available) then the SI is the optimal choice.

Another relevant aspect for the quantifier choice is the clini-
cal question. Our results suggest that, if the aim is a binary 
classification, then the methods using the late scan alone are 
already sufficiently informative. Therefore, for this purpose, 
the SUVr — a widely used, well-documented approach — 
appears to be a suitable solution. Moreover, both this study 
and that of Müller and colleagues [30] show that the SUVr 
performs equally well in discriminating visually positive and 
negative scans, regardless of implementation and normaliza-
tion procedure (see the Supplementary Table 5).

In contrast, the ability of quantifiers integrating early 
acquisition to detect subtle information (such as amyloid 
load due to aging) makes them more suitable for more 
refined analyses. The early acquisition not only allows for 
blood flow correction, but also provides independent infor-
mation with added clinical value, irrespective of the Aβ sta-
tus. Indeed, many studies suggest that the early acquisition 
provides a valid surrogate marker for neuronal injury which 
could avoid the need for additional 18F-FDG PET assessment 
in diagnosis of dementia [31–34].

Fig. 6   Possible choices of 
amy-PET semi-quantification 
approach based on imaging data 
availability and analysis refine-
ment. T1, MRI 3DT1; Late, 
late static amy-PET acquisition; 
Early, early static amy-PET 
acquisition; Corrected, atrophy-
corrected analysis
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Among the quantifiers that derive information from dual 
time-window protocols, the TDr seems to represent an 
acceptable compromise between complexity and accuracy 
of the analysis.

Conclusions

The quantifiers we evaluated (SUVr, ELBA, TDr, and 
WMR), came close to SI, chosen as the reference method, 
even though they are different in nature and in their charac-
teristics. If we were to single out one method, it would be 
TDr (accepting some imprecision in the deep structures), 
which appears to be accurate (deriving information from 
dual time points) and easier to implement than SI (no CT 
or MR needed). However, this study suggests that a combi-
nation of independent quantifiers yields better results than 
the individual approaches, both in terms of correlation and 
distance from the chosen reference method. Efforts should 
therefore be made towards developing multi-classifier 
systems to measure amyloid pathology in vivo by PET. 
Moreover, the ability of some quantifiers (TDr, WMR, and 
SI) to depict variations in brain amyloid load with age in 
subjects assessed qualitatively as amyloid-negative dem-
onstrates the goodness of the estimate and their potential 
for identifying subtle variations in amyloid load compared 
with standard methods (such as SUVr).

Supplementary Information  The online version contains supplemen-
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