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Abstract

Background Positron Emission Tomography (PET) is a powerful diagnostic tool, but its availability, high cost and radiation
burden limit its accessibility. Deep learning—based denoising offers a potential solution by enabling low-count PET scans,
reducing tracer dose or scan time without compromising diagnostic utility. However, clinical validation of such approaches
across different scanner technologies and radiotracers remains limited.

Methods We conducted a multicenter, blinded evaluation of NUCLARITY, a deep learning—based denoising software, using
PET data from three European hospitals. Data included 65 scans acquired with [1*F]JFDG, [1*F]PSMA, [*® Ga]PSMA, and
[%® Ga]DOTATATE on GE and Siemens systems not seen during model training. Low-count scans (50% simulated) were
denoised and compared to full-count clinical scans. Image quality was assessed using RMSE, PSNR, and SSIM. Six nuclear
physicians evaluated diagnostic image quality (DIQ), diagnostic confidence (DC), and lesion detection across six anatomical
regions. Lesion quantification was compared using SUVmean, SUVmax, and MTV.

Results Low-count enhanced (LCE) scans showed improved quantitative image quality metrics compared to unenhanced
low-count scans (higher PSNR/SSIM, lower RMSE). Across 243 lesions, SUVmean and SUVmax showed high concor-
dance between standard-count (SC) and LCE scans (CCC=1.00 and 0.99, respectively). Diagnostic image quality and
confidence were slightly lower on LCE versus SC scans, but only one reader indicated a clear preference for SC. Sensitiv-
ity and specificity for lesion detection in LCE scans were 99% and 99%, respectively, with interscan agreement exceeding
inter-reader variability.

Conclusions This is the first blinded, multicenter reader study evaluating a PET denoising algorithm in a European clinical
setting across multiple tracers, incorporating unseen scanner technologies. The denoising algorithm demonstrated robust
generalizability and preserved diagnostic accuracy on 50% count data. These findings support the clinical adoption of deep
learning-based PET denoising to reduce dose or scan time for four commonly used tracers.

Keywords PET denoising - Deep learning - Diagnostic accuracy

PET scans allow visualization of complementary functional
activity, enabling earlier detection of disease [1]. Because

Background

Over the past decades Positron Emission Tomography
(PET) has become indispensable in the field of oncology
due to its ability to provide detailed metabolic and func-
tional information. Compared to other imaging technologies
such as MRI and CT, which visualize anatomical changes,
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of this desirable property, the demand for PET scans has
systematically increased in most Western countries over the
past years. However, the high diagnostic power of PET scans
comes at a price, as the need for a radiotracer makes PET
an expensive modality that involves more complex logistics
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and carries additional radiation risks for both patients and
healthcare providers [2—4]. Especially in younger patients
who require periodic surveillance scans, the cumulative
radiation dose may be a concern, as the exposure results in
a considerable higher life-time attributable risk of cancer [5,
6]. In addition, compared to other imaging modalities rela-
tively long acquisition times are needed to obtain sufficient
image quality. Moreover, as new and more expensive radio-
tracers find their way to clinical practice, the costs associ-
ated with PET imaging are a pressing concern [7-9].

The advent of advanced deep learning technologies
has enabled post-hoc denoising of PET scans, offering the
potential to reduce scan duration or lower the administered
radiotracer dose. In recent years, substantial research has
been dedicated to denoising low-count PET acquisitions
using a variety of deep learning methodologies [9-11]. Most
approaches rely on simulated low-count scans obtained by
downsampling list-mode data, which are paired with their
corresponding full-count clinical scans [12, 13]. Supervised
learning models are then trained to reconstruct high-quality
images from these low-count input images. Early mod-
els predominantly utilized convolutional neural networks
(CNNs) [14, 15], whereas more recent architectures have
incorporated attention mechanisms originally developed for
large language models, such as Vision Transformers (ViTs)
and Swin Transformers [16—18]. Each architecture presents
specific advantages and limitations, as demonstrated in the
benchmarking study by Wang et al., where they compared
five architectures on low-count PET-MRI scans [19]. More
recently, diffusion probabilistic models have demonstrated
compelling performance, generating enhanced images that,
in some cases, surpass the subjective quality of standard
clinical scans [20, 21]. The clinical utility of these Al-based
denoising models critically depends on their ability to gen-
eralize to unseen scans acquired on different scanner tech-
nologies, acquired using different scanning protocols, and
possibly with alternative radiotracers. As pointed out by Liu
et al., varying noise levels in input images represent a criti-
cal challenge that must be addressed to enable the success-
ful clinical adoption of in silico PET denoising [22].

To measure and assess the ability of a deep learning
model to generalize to unseen scans of varying noise lev-
els, criteria are needed to gauge the quality of the denoised
scan. As pointed out by Rogasch et al., image quality criteria
can be subdivided into subjective assessments, such as those
provided by certified readers, and objective quantitative
measures, which, for example, evaluate SUV quantification
in enhanced scans or in phantom datasets where a theoreti-
cal ground truth is available [23, 24]. Other metrics that are
commonly used in literature are the Peak Signal to Noise
Ratio (PSNR) and the Structural Similarity Index Measure
(SSIM) [15, 22]. Ultimately, the primary objective of any
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diagnostic scan is to enable accurate identification of poten-
tial abnormal or malignant lesions by the interpreting physi-
cian [25, 26]. Consequently, any enhanced PET scan should
not give rise to new, false positive lesions, while minimizing
the number of missed or false negative lesions.

In this study, we present a comprehensive clinical vali-
dation of NUCLARITY, a PET image denoising software,
within a European clinical setting. Validation was performed
using data from three external nuclear medicine centers
employing both contemporary and legacy scanner technolo-
gies distinct from those used during model training [27]. The
study design follows a blinded evaluation protocol similar
to that of Chaudhari et al. [28], and extends it by incorporat-
ing four radiotracers to evaluate the model’s generalizability
across different tracers. The analysis includes both quantita-
tive and qualitative assessments of image quality, as well as
lesion detectability, to rigorously evaluate NUCLARITY’s
denoising performance on previously unseen acquisition
protocols, scanner types, and radiotracers.

Methods
Data collection

The denoising model was trained on 64 x 64x64 volumes
sampled from over thousand scans acquired on a Sie-
mens Biograph Vision 600 with a point spread function
(PSF)+time of flight (TOF) 3i5s reconstruction method
and a GE discovery 710 with a Q.Clear FX reconstruction
method. Three tracers were included during model training,
["*FIFDG, [%® Ga]PSMA-11, and [*® Ga]DOTATATE.

For validation within this study, list-mode PET data were
collected from three European hospitals, AZ Groeninge,
VUB Brussels and Ghent University Hospital. This acqui-
sition mode captures a time-stamped list of all detected
radioactive events during the scan. While standard clinical
reconstructions utilize 100% of the recorded events, simu-
lating a 50% reduction, either in scan time or radiotracer
dose, can be achieved by reconstructing images using only
50% of the list-mode data. Across the three institutions,
matched clinical (100%) and simulated low-count (50%)
scans were obtained for a total of 65 subjects. The study
was conducted using fully anonymized data in compliance
with the General Data Protection Regulation (GDPR), and
the study protocols were approved by the respective insti-
tutional review boards. Eligible patients were adults under-
going routine whole-body PET/CT scans with [18F]FDG,
[18F]PSMA, [68 Ga]PSMA, or [68 Ga]DOTATATE. Scans
were randomly selected without consideration of the clinical
indication, which was not disclosed for the purposes of this
study. Three different scanners were included in the study,
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Table 1 Demographics of subjects included in this study and the corresponding PET scanner specifications

Institution # A B C
Number of patients 35 20 10
Radiotracer(s) ['*F]FDG (20) ['!F]FDG (20) ['*F]PSMA-1007 (10)

[°® Ga]PSMA-11 (10)

[*® Ga]DOTATATE (5)
Age (years) * 56+12 73+£8

Range: 36—83 Range: 61—82

Sex (M/F) ["*FIFDG: 10/10 8/12 10/0

[*® Ga]PSMA: 10/0

[*® Ga]DOTATATE: 2/3
Patient Weight (kg) 76.8+£19.6 83.4+19.8 77.8+£9.8
Dose (MBq) ['®F]FDG: 155.3 284+61.9 161.8+27.8

[*® Ga]PSMA: 171.9

[*® Ga]DOTATATE: 152.1
Scanner model GE Omni Legend
Axial length (cm) 32
Standard scan time (min) ['*F]FDG: 8

[*® Ga]PSMA: 10

[*® Ga]DOTATATE: 10

Siemens Biograph 128 mCT GE Discovery MI
21.6 15
['*F]FDG: 16 ['|F]PSMA: 24

Reconstruction technique** HPDL-Q.Clear HD PSF+TOF 2i21s Q.Clear FX
* Patient’s age was unknown
** HDPL high performance deep learning, PSFpoint spread function, TOF time-of-flight

LC LCE SC

Fig. 1 A comparison of the low-count (LC), low-count enhanced (LCE) and standard count (SC) scans. The low-count scan was obtained using
50% of the measured counts of the standard-count scan, which is the scan used in routine clinical practice

an Omni and a Discovery MI scanner from GE Healthcare
and the Biograph 128 mCT from Siemens Healthineers,
which represent scanner technologies that were not part of
the training data for the denoising model. Detailed demo-
graphic and technical information is summarized in Table 1,
for each of the participating centers.

Low-count PET enhancement

The scans with 50% reduced counts were enhanced
using NUCLARITY® v1.0.0, a deep learning algorithm

developed by NUCLIVISION. An example of such an
enhancement can be seen in Fig. 1. The NUCLARITY
image processing software employs a CNN-based algo-
rithm to enhance image quality by reducing noise. The
CNN in NUCLARITY assesses and processes each voxel
in relation to its neighbouring pixels, effectively learning
optimal filters that capture the most relevant features with
minimal pre-processing [14, 15, 22]. Additionally, the soft-
ware utilizes a residual learning framework to facilitate the
training of deeper networks. In residual learning, instead of
attempting to learn an entire new output, the network learns
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the difference (residual) between the input and a predicted
output. This approach helps in distinguishing between noise
components and structural components in the image [29].
By emphasizing these residuals, NUCLARITY effectively
enhances structural details while concurrently diminishing
noise, leading to clearer, more precise imaging outcomes
[15, 29, 30].

The image enhancement is achieved by NUCLARITY
through a dual UNet architecture, wherein each UNet is
specialized to handle different noise levels in the imaging
data. This methodology is similar to the approach proposed
by Liu et al., which demonstrated superior image quality
enhancement performance through the application of an
ensemble of 3D UNet models, each trained at varying noise
levels [22].

Reader study

Six independent nuclear medicine physicians with 1, 3,
3, 8,9, and 16 years of experience, blindly assessed both
the standard count (SC, i.e. the clinical scan at 100% of
the counts) and the low-count enhanced (LCE) scans of
the subjects. The readers did not have access to the clini-
cal indications for the scan, nor to any other prior informa-
tion on the patient. Three of the six readers reviewed the
100 '®F-labeled scans, while the other three reviewed the 30
68 Ga-labeled scans.

The readers were asked to indicate the number of abnor-
malities they could identify, for six different anatomical
regions. The regions considered were lung, liver, lymph
nodes, bone, spleen and muscle, in accordance with Chaud-
hari et al. [28]. Any number of lesions above 5 was set to 6.
In addition, all readers were asked to give a diagnostic con-
fidence (DC) score on a 3-point Likert scale (1 =not sure,
2=confident, 3=very confident), and a diagnostic image
quality (DIQ) score on a 5-point Likert scale (1=very poor,
2=poor, 3=acceptable, 4=good, 5=excellent).

Approximately 1 year after the first reading session, the
two readers that obtained the highest interscan concordance,
reader 2 and reader 4, performed the assessment again on
the low-count scans. Enough time was left in between, to
mitigate any recall bias. Unbeknownst to the readers, one
third of the low-count scans was replaced with the original
clinical images to assess intra-reader variability. In total,
during the second assessment phase, reader 2 assessed 17
SC and 33 low-count (LC) scans, while reader 4 assessed
6 SC and 9 LC scans. and In addition, all false positive and
false negative body regions were analysed retrospectively
by C.C. and quantitative analysis was performed of the
uptake values of lesions that were only seen in either the
LCE or the SC scans. During this final review, C.C. could
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consult the all information and comments provided by all
six readers.

Statistical analysis

The similarity between the low-count enhanced and clini-
cal scans was assessed using three metrics, the Root Mean
Squared Error (RMSE), the Peak Signal to Noise Ratio
(PSNR) and the Structural Similarity Index Measure
(SSIM) [15, 22]. For each of these metrics, the clinical
image is taken as the reference image, and the similarity to
this reference is compared for the low-count and the low-
count enhanced scan. A better similarity results in a higher
PSNR and SSIM, and a lower RMSE.

For the Diagnostic Confidence and Diagnostic Image
Quality, a paired non-parametric Wilcoxon test for non-
inferiority was performed with a 0.5 inferiority margin,
similarly to Chaudhari et. al. [28].

To enable SUV quantification in the tumor lesions, semi-
automated tumor annotations were performed by C. C.
and J. M. using the MIM Encore®viewer software and the
accompanying PET Edge® software for tumor contouring.
Metabolic tumor volume (MTV) was calculated by consid-
ering all voxels in an annotated tumor and selecting only
those that had an SUV within 40% of the SUVmax within
that tumor. The volume was then calculated by multiplying
the withheld voxels with the voxel spacing.

Results
Image quality

First, the image quality was assessed using a combination
of technical metrics and subjective reader scores. Figure 2
shows the improvement in image quality using three quan-
titative metrics SSIM, RMSE and PSNR for the different
radiotracers. The figure shows that the PSNR and the SSIM
are higher for all the low-count enhanced scans compared to
the original low-count scans, reflecting a higher similarity
with the clinical scan. Similarly, the RMSE is systematically
lower for the enhanced images, showing again a better cor-
respondence to the ground truth images.

To further explore the differences in image quality, sub-
jective readers scores on a 1-5 Likert scale were compared
between the different readers. Two readers, readers 2 and
4, also assessed a subset of the LC scans. The upper row in
Fig. 3 shows the results obtained for the different readers
in terms of DIQ and DC ratings. Pooled, the DIQ scores
for the standard-count (SC), low-count (LC) and low-count
enhanced (LCE) scans were 4.1+0.7,3.2+1.4,and 3.6+0.7,
respectively. The DC scores were 2.8+0.3, 2.4+0.6, and
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Fig.2 Scatter plots showing the image quality improvement of the low-count enhanced (LCE) scans versus the low-count (LC) scans, assessed by
PSNR, SSIM and NRMSE with respect to the standard-count (SC) scans for the different radiotracer types

2.5+0.3 for the SC, LC, and LCE scans, respectively. For
one reader, reader 3, the subjective image quality of the LCE
scans seemed clearly inferior to the SC scans, when using a
0.5 non-inferiority margin as in Chaudhari et al. [28]. Nota-
bly, reader 3 is the most experienced reader, a similar find-
ing to what was reported before by Schaefferkoetter et al.,
where the most experienced reader gave the lowest scores to
Al-enhanced scans [14]. For reader 2 and 4 an improvement
of the LCE to the LC scans could be observed, both for DIQ
and DC, which can be seen in the upper row of Fig. 3.

Interestingly, when looking across the different tracers,
no obvious non-inferiorities could be observed and sub-
jective image quality scores were relatively best for ['°F]
PSMA when compared against the standard count image, a
tracer that was not seen during training. The same applies
for scanner technologies, where the biggest discrepancy in
subjective image quality was seen for the Omni scanner.
In general, most readers felt that the scans from the Omni
exhibited excellent image quality, as reflected in high sub-
jective reader score for this particular scanner.

Quantitative assessment

In total, 243 hypermetabolic lesions were segmented on the
SC scans by two independent physicians in residence (J.M.
and C.C.), with lesion sizes varying from 21 to 119669 vox-
els, with a median of 330 voxels. The upper row of Fig. 4
shows a scatter plot comparing the SUV ., and the SUV .
as measured in the segmented lesions of the SC and LCE
scans. For both SUV_,, and SUV_,. a strong correlation
can be observed between the quantification in the SC and the
LCE scan, resulting in a CCC of 1.00 and 0.99 for SUV_ ...
and SUV,_ ., respectively. Notice that for the SUV . some
outliers can be observed between the SC and LCE scans, in
highly metabolically active regions where the SUV . >20
in the SC scan. These outliers originate from a pelvic and an
iliac lymph node in two different patients. For these lesions,

the relatively large deviation in SUV quantification is likely
attributable to the combined effects of small lesion size,
high SUV values, and the reported suboptimal image qual-
ity of these [18F]PSMA scans. Together, these factors may
cause the model to be uncertain whether the observed signal
reflects true physiological uptake or stochastic noise aris-
ing from the limited number of detected counts, resulting in
considerable smoothing of the lesion.

These outliers stem from a pelvic and iliac lymph node
from two distinct patients. For these lesions, the relatively
large deviation in SUV quantification is presumably caused
by a combination of small lesion size with relatively low
image quality. a combination that for SUV values above 20
results in considerable smoothing. Next, we also wanted to
know whether the enhanced scans alter the metabolic tumor
volume (MTV) in comparison to the original standard-count
scans. The bottom row of Fig. 4 shows the Bland—Altman
plots for the low-count scans, when compared against the
standard-count scans, and for the enhanced scans. Increas-
ing the count level by 50% generally results in a lower
MTYV, which is most strikingly exemplified by three outliers
in the MTV. After the enhancement the deviations observed
in these outliers are strongly reduced, resulting in a lower
mean difference.

Lesion detection

For the lesion detectability, we focused in first instance on
whether a body region (i.e. Lung, Liver, Spleen, Bone, Mus-
cle and Lymph node) was abnormal, i.e. contained at least
one clinically significant lesion, or normal, meaning that
no lesions could be identified. Figure 5 shows the number
of readers that denoted a specific body region as abnormal
(#lesions>0), comparing the assessment on SC and LCE
scans in a confusion matrix. Notice that on the SC scans
only 313 body regions out of a total of 390 body regions
receive consensus by all three readers, as can be seen by
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summing the upper and lower row of the matrix, i.e. where
the number of readers that find an abnormality is either O or
3. In total, 46 body regions were regarded as abnormal by
all three readers on the SC scans, while on the LCE scans
44 regions could be identified by all three readers, as shown
in the lowest row and last column, respectively. To calcu-
late the sensitivity and specificity, SC and LCE scans were
defined to be discordant if at least two readers did not agree
on the label of a body region, between SC and LCE scans.
From Fig. 5 it can be seen that 2 body regions were indicated
as abnormal by two readers on the LCE only, whereas one
body region was identified by 2 readers only on the SC scan.
The corresponding sensitivity and specificity for each body
region are listed in Table 2. Here, a region is denoted as
abnormal when two or more readers find an abnormality on
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the SC scans, and false positives or false negatives are when
two or more readers on LCE scan assign a different label
than on the SC scan. Table 2 shows that the specificity and
sensitivity are consistent among the different body regions,
although the lower number of lesions for spleen, muscle,
liver and lung results in larger variations of the sensitivity.
To gain a better understanding of the false positive and
false negatives findings, we performed a more in-depth anal-
ysis of these scans, which are shown in Table 3. The mean
intensity projections (MIPs) of these samples are shown
in Supplementary Figs. 1-3. For Subject 66, a bone lesion
close to the sigmoid colon was seen on the SC scan that
could not be found on the LCE scan. However, during tumor
annotations by independent reviewers, these bone lesions
were also missed on the SC scan, such that the bone lesions
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Fig.5 Confusion matrix showing
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Table 2 Patient-level sensitivity, specificity and the corresponding
F1-score together with the concordance correlation coefficient (CCC)
of the hypermetabolic lesions detected by the readers (pooled) compar-
ing low-count enhanced scans to the standard-count scans
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Table 3 Summary of body regions where reader classifications (nor-
mal/abnormal) in low-count enhanced (LCE) scans differed from those
in standard-count (SC) scans. Diagnostic image quality (DIQ) and
diagnostic confidence (DC) scores are given for the SC scan (pooled)

Organ Sensitivity ~ Specificity  F1 CCC Subject  Tracer DIQ DC Body Classi-
(All lesions) 1D (SC) (SC)  region fication
Bone 0.95 1.00 0.97 0.90 66 ["*FIFDG 4.67 3.00 Bone False
19/20 45/45 negative
Lymph nodes 1.00 095 097 0.95 113 [*® Ga]PSMA 500 300 Lymph False
28/28 35/37 nodes positive
Liver 1.00 1.00 1.00 0.98 97 ["*FIPSMA 333 2.33 Lymph False
5/5 60/60 nodes positive
Lung 1.00 1.00 1.00 0.93
10/10 55/55 . .
Muscle 1.00 100 1.00  0.90 LCE commented that the image quality of the SC scan was
6/6 59/59 too low to properly assess the scan. A final review by C.C.
Spleen 1.00 1.00 1.00 092 revealed no increased uptake in SUV on the LCE scans, but
2/2 63/63 rather a decrease in SUVmax by 26%, such that the detec-
Overall 0.99 099 0.98 095 tion on LCE should probably be attributed to misclassifica-
70/71 317/319

are probably non-pathological and therefore not indicated
by the third reader. A line profile of this lesion, showed
that the SUVmax of the lesion did decrease with approxi-
mately 25% on the enhanced scan, although the lesion itself
remained visible (see Figure S4). For Subject 97, one reader
commented that there are inguinal but non-pathological
lymph nodes on the LCE, and marked this as an abnormal-
ity. The other reader that had a mismatch between SC and
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tion of benign uptake as pathological. For patient 113, two
readers commented that they saw a 10R lymph node on the
LCE scan, that was not seen on the SC by any of the read-
ers. During the final review by C.C., no clear pathological
uptake was observed in the lymph nodes on both SC and
LCE and this was considered a misclassification.

The confusion matrix in Fig. 5 shows noticeable discrep-
ancies between the different readers, both on the enhanced
and standard-count scans. Therefore, we wanted to compare
the inter-reader agreement, of different readers on the same
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Table 4 Interreader agreement between pairs of readers, measured using Cohen’s kappa, was assessed for lesion detection across six classes (1
lesion, 2 lesions, ..., 5+lesions) per body region within the F-labeled and Ga-labeled radiotracer groups. Results are stratified by scan type: low-

count enhanced (LCE), standard-count (SC), and overall

Reader pairs
(F-labeled, N=600)

Reader pairs
(Ga-labeled, N=180)

1&2 1&3 2&3 4&5 4&6 5&6
LCE 0.53 0.40 0.34 0.49 0.35 0.50
SC 0.58 0.43 0.46 0.50 0.36 0.50
Overall 0.55 0.41 0.40 0.49 0.36 0.50

Table 5 Interscan agreement between the standard-count (SC) and
low-count enhanced (LCE) scans, measured using Cohen’s kappa, was
assessed for lesion detection across six classes (1 lesion, 2 lesions,
..., 6+lesions) per body region within the F-labeled and Ga-labeled
radiotracer groups. Results are stratified by reader

Scan pairs Scan pairs
(F-labeled, N=300) (Ga-labeled, N=90)
LCE & SC LCE & SC

Reader 1 0.79 0.61

Reader 2 0.77 0.84

Reader 3 0.55 0.54

scan, against the inter-scan agreement, of the same reader
on the LCE versus SC scan. Tables 4 and 5 respectively
show the inter-reader and inter-scan agreement as quantified
by the Cohen’s Kappa on the number of lesions identified by
each reader in each body region. From the tables it can be
seen that the number of lesions detected has a substantially
stronger correlation between the LCE and SC scans than
between different readers.

The same analysis was also performed at the body region
level, considering the percent agreement on whether a
region is normal or abnormal. Between each pair of readers
(inter-reader) and between LCE and SC scans for a single
reader (inter-scan), the agreement was calculated as the
percentage of body regions that received the same label,
divided by the total number of body regions. Figure 6 shows
that the inter-scan agreement is higher than the inter-reader
agreement and on par with the intra-reader agreement for
reader 2 and 4. For these readers, the agreement between SC
and LC is lower, although still above 90%. Interestingly, the
reader that gave the lowest subjective image quality score
to the LCE scans (reader 3) also displayed the lowest inter-
scan agreement, but also showed reduced agreement with
the other readers on the SC scans. Figure 6 also shows that,
aside from the lower agreements for the one reader, findings
are similar between the 18F- and 68 Ga labeled radiotracers.

Fig. 6 Inter-reader and inter-scan 100
agreement on whether a body

region contains or does not contain

a clinically relevant lesion. Orange

dots denote the agreement for a

single reader, when comparing

LCE and SC scans, while blue dots 95
compare the agreement between
the different pairs of readers on
the SC scans. An “x” denotes the
agreement between the LC and SC
scans, for the readers that obtained
the highest inter-scan agreement
(reader 2 and reader 4). The square
denotes the intra-reader agreement
on a subset of the SC scans, also
for reader 2 and 4

90 +

Agreement (%)
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85 .

80 T
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Discussion

Although there has been significant scientific interest in
using deep learning-based denoising to reduce tracer usage
and scan time for PET scans, the number of real-world clini-
cal validations remain limited. Here, a real-world validation
of a denoising software was presented that focused on model
generalizability by including three scanner technologies
and one radiotracer, [ 18F]PSMA, that were not seen during
model training. Given the recent rise in Al-powered models
across many different scientific fields, the generalizability
of these models to unseen settings remains a main concern
and challenge. In this study we have replicated the blinded
setting that was proposed in Chaudhari et al., to minimize
potential bias across readers toward deep learning-based
denoised images [28]. Overall, the use of enhanced scans did
not lead to pronounced differences in patient treatment, with
a comparable lesion detectability across the different read-
ers. Most notably, it was shown that the variance in lesion
detectability between different readers was larger compared
to the variance between clinical scans and scans acquired
using only 50% of the original clinical counts, enhanced
with NUCLARITY. In their study, Chaudhari et al., claimed
a 75% reduction in measured counts, but this was in Ameri-
can centers using clinical protocols that result in a signifi-
cantly higher number of counts for the clinical scans [28].
In a European setting, it has been noted that such a strong
reduction is not feasible [24, 26, 31], but none of these stud-
ies used a design with independent readers in a blinded set-
ting and focused on a single tracer. Aside from the fact that
the scanner technologies in this study were not included in
the training data, the in-silico denoising was also performed
on a wide range of scanner technologies, ranging from the
PMT-based Biograph mCT from Siemens Healthineers to
the SiPMT-based Omni from GE Healthcare. For the Omni,
the HPDL reconstruction algorithm was used, which also
relies on Al to improve image quality [27]. The results from
this study seem to suggest that the denoising can be applied
to scans that were already processed by another Al-powered
algorithm, although more research is needed to assess the
impact on SUV quantification in comparison to more stan-
dard reconstruction techniques, similarly to what was done
in Dadgar et al. [32].

Although the study has tried to mimic the real-world
clinical setting as much as possible, there are several limi-
tations. First of all, readers were not aware of the clinical
indications for the scan. While this allows a fully unbiased
review of a PET-CT, it is possible that the absence of this
knowledge results in a larger inter-reader and inter-scan
variability compared to a real-world setting. Moreover, as
readers came from independent centers, the majority of the
readers were unfamiliar with the scanner technology and

@ Springer

acquisition protocol used to acquire and reconstruct the
scans. Additionally, to ensure consistent viewing between
the different readers, readers could not view the images on
their viewer of choice, which could also alter their assess-
ment compared to a real-world clinical setting.

Conclusions

In this work we have presented the first blinded reader study
of a PET denoising algorithm in a European setting. Results
show that a deep learning based denoising algorithm gener-
alizes well to unseen scanner technologies setting, across a
range of older to more modern scanner technologies. Gen-
eralizability across tracers was also investigated and the
denoising model seemed to perform well on the four dif-
ferent tracers considered, [1°F]FDG, [1*F]PSMA, [®® Ga]
PSMA, and [ Ga]DOTATATE. While clinical assessments
were largely unaffected on enhanced scans acquired using
50% of the counts, one of the six readers had a pronounced
preference for the original clinical scans over the enhanced
scans in terms of subjective image quality. Importantly, we
could show that the inter-reader agreement was well below
the agreement between clinical and enhanced scans.
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