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Figure 3: Comparing the distribution of the visual negative and positive scans when using the Centiloid 
quantification from the parent study (left), CapAIBL (middle) and CapAIBL+DeepSUVR (right)

AI-based Aβ-PET quantification improves concordance with visual 
reads

Method
2,129 participants with 2+ visits in AIBL/ADNI (7,149 Aβ scans) had their 
scans spatially normalised and quantified using CapAIBL. DeepSUVR was 
trained to predict a SUVR correction factor for each spatially normalised 
image, by learning expected longitudinal trends and correcting deviations 
(Fig 1). Although trained on longitudinal data, the model applies 
corrections to individual scans without requiring multiple visits (Fig 2). 
The model was trained using 5-fold cross-validation on ADNI+AIBL. 20,185 
scans with matching visual reads from A4, ADNI, AIBL, ADNI-DOD, 
AMYPAD, HABS-HD, IDEAS were analysed using CapAIBL+DeepSUVR. 
Concordance with visual reads was assessed using AUC. The 
Centiloid/SUVR provided by each parent study were also compared. 
Significance was assessed using 2000 bootstraps. 

Centiloid quantification of Aβ burden relies on a PET measure, the Standardised Uptake Value Ratio (SUVR), that could be subject to noise, spill-in, and specific binding in the 
reference region, potentially impacting diagnostic accuracy and trial eligibility. We developed a novel deep learning method (DeepSUVR) that learns scan-specific variability using 
longitudinal trends to correct SUVR, and subsequent Centiloid quantification and compared it to visual reads in 6 large cohorts.
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Table 1: AUC with visual reads when using Centiloids provided by each parent study, Centiloids calculated 
by CapAIBL, and CapAIBL+DeepSUVR. Significant difference compared to the quantification from the 
parent study is denoted using * (p<0.05), **(p<0.01), *** (p<0.001). 
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Table 2: Comparing rates of misclassification at 25CL between CapAIBL and CapAIBL+DeepSUVR

Cohort N (Neg/Pos)
AUC Parent 

study
AUC CapAIBL AUC DeepSUVR

A4 3797/670 0.964 0.96** 0.978***

ADNI 337/224 0.963 0.967 0.976*

ADNIDOD 161/73 0.884 0.902 0.928

AIBL 340/594 - 0.994 0.998***

AMYPAD 1639/456 0.956 0.954 0.972***

HABS-HD 1009/86 0.967 0.976 0.982**

IDEAS 3984/6278 0.915 0.917* 0.936***

Conclusions
Deep learning provides a significant advance in PET Aβ quantification, 
leading to stronger agreement with visual reads. Importantly, no visual 
reads were used when training the model, and the improved 
agreement with visual reads is purely a result of more robust 
quantification. CapAIBL quantification enhanced using DeepSUVR has 
the potential to assist novice readers in challenging cases across all 
tracers, supporting consistent interpretation in clinical practice and trial 
enrolment.

Figure 2: Framework used for training and inference using DeepSUVR. While training requires pairs 
of images from the same participant, inference is run on single images. 

Results
The histograms in Figure 3 illustrate how DeepSUVR reduces the variance 
in visually negative and positive scans while increasing their separation.

The standard CapAIBL quantification led to similar AUC to that of using 
the parent study quantification in most studies (Table 1). However, using 
the DeepSUVR quantification led to an increase in AUC in all studies 
compared to both the parent study quantification and CapAIBL, with all 
but one being significant.

At 25CL, DeepSUVR leads to an extra 196 scans correctly classified over 
CapAIBL (Table 2) – Note that the decrease in AIBL/ADNI reflects how 
those studies tend to be read at a lower CL threshold.

Figure 1: The model is trained to minimise the difference between the actual and expected change 
in CL over time using pairs of images
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Study N
Misclassified 
(CapAIBL Std)

Misclassified 
(DeepSUVR)

Gain vs CapAIBL

A4 4467 613 (13.7%) 555 (12.4%) +58

IDEAS 10262 1379 (13.4%) 1258 (12.3%) +121

AMYPAD 2275 186 (8.2%) 157 (6.9%) +29

HABS-HD 1095 97 (8.9%) 83 (7.6%) +14

ADNI 765 55 (7.2%) 60 (7.8%) -5

AIBL 1054 33 (3.1%) 46 (4.4%) -13

ADNIDOD 267 32 (12.0%) 40 (15.0%) -8

TOTAL 20185 2395 (11.9%) 2199 (10.9%) +196
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