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Fully Automated Region-Specific Human-Perceptive-Equivalent
Image Quality Assessment: Application to 18F-FDG PET Scans
Mehdi Amini, MSc,* Yazdan Salimi, MSc,* Ghasem Hajianfar, MSc,* Ismini Mainta, MD,*
Elsa Hervier, MD,* Amirhossein Sanaat, PhD,* Arman Rahmim, PhD,†‡§

Isaac Shiri, PhD,* and Habib Zaidi, PhD*||¶**
Introduction: We propose a fully automated framework to conduct a
region-wise image quality assessment (IQA) on whole-body 18F-FDG
PET scans. This framework (1) can be valuable in daily clinical image acqui-
sition procedures to instantly recognize low-quality scans for potential
rescanning and/or image reconstruction, and (2) can make a significant im-
pact in dataset collection for the development of artificial intelligence–
driven 18F-FDG PET analysis models by rejecting low-quality images and
those presenting with artifacts, toward building clean datasets.
Patients and Methods: Two experienced nuclear medicine physicians sep-
arately evaluated the quality of 174 18F-FDG PET images from 87 patients,
for each body region, based on a 5-point Likert scale. The body regisons in-
cluded the following: (1) the head and neck, including the brain, (2) the
chest, (3) the chest-abdomen interval (diaphragmatic region), (4) the abdo-
men, and (5) the pelvis. Intrareader and interreader reproducibility of the
quality scores were calculated using 39 randomly selected scans from the
dataset. Utilizing a binarized classification, images were dichotomized into
low-quality versus high-quality for physician quality scores ≤3 versus >3,
respectively. Inputting the 18F-FDG PET/CT scans, our proposed fully au-
tomated framework applies 2 deep learning (DL) models on CT images to
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perform region identification and whole-body contour extraction (excluding
extremities), then classifies PET regions as low and high quality. For classifi-
cation, 2 mainstream artificial intelligence–driven approaches, including ma-
chine learning (ML) from radiomic features and DL, were investigated. All
models were trained and evaluated on scores attributed by each physician,
and the average of the scores reported. DL and radiomics-ML models were
evaluated on the same test dataset. The performance evaluation was carried
out on the same test dataset for radiomics-ML and DLmodels using the area
under the curve, accuracy, sensitivity, and specificity and compared using
the Delong test with P values <0.05 regarded as statistically significant.
Results: In the head and neck, chest, chest-abdomen interval, abdomen, and
pelvis regions, the best models achieved area under the curve, accuracy, sen-
sitivity, and specificity of [0.97, 0.95, 0.96, and 0.95], [0.85, 0.82, 0.87, and
0.76], [0.83, 0.76, 0.68, and 0.80], [0.73, 0.72, 0.64, and 0.77], and [0.72,
0.68, 0.70, and 0.67], respectively. In all regions, models revealed highest
performance, when developed on the quality scores with higher intrareader
reproducibility. Comparison of DL and radiomics-ML models did not show
any statistically significant differences, though DL models showed overall
improved trends.
Conclusions:We developed a fully automated and human-perceptive equiv-
alent model to conduct region-wise IQA over 18F-FDG PET images. Our
analysis emphasizes the necessity of developing separate models for body
regions and performing data annotation based on multiple experts’ consen-
sus in IQA studies.

KeyWords: PET, image quality assessment, image analysis, radiomics, deep
learning

(Clin Nucl Med 2024;49: 1079–1090)

Q uantitative metabolic imaging using 18F-FDG PET is a corner-
stone of cancer care and has become an important tool in dis-

ease management, particularly for oncology applications involving
diagnosis, staging, prognosis, and monitoring of treatment
response.1,2 A number of factors in the pipeline of the PET imaging
process can influence the quality of the produced images.3,4 These
factors can emerge from the scanner hardware (eg, the miscalibration
of the equipment), the radiopharmaceutical injection process (eg, IV
injection, 18F-FDG injected dose), patient characteristics (eg, pa-
tients’ weight, size, and motion during imaging), acquisition proce-
dure (eg, patient and bed positioning, scan duration per bed position),
as well as image reconstruction and attenuation and scatter correction
(ASC) algorithms.3–5 In addition, the appearance of different artifacts
that emerge from the PET image or propagated from the concomitant
anatomical CT image used for ASC can degrade the image quality
and reduce the diagnostic confidence of the interpreters.6 Due to
the quantitative nature of PET images, small variations in the images
can bias the SUV, thus leading to misinterpretation by physicians, po-
tentially altering the diagnosis.7 Hence, prior to clinical use of PET
images, high image quality is essential for a precise qualitative inter-
pretation and accurate quantitative analysis.
024 www.nuclearmed.com 1079
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Artificial intelligence (AI) techniques are increasingly being
used in various applications of nuclear medicine imaging.8,9 18F-FDG
PET, serving as the cornerstone of PET imaging, has become one of
the priorities in AI-driven research within nuclear medicine.10 A
pile of literature explores the use of various machine learning
(ML) and deep learning (DL) algorithms to automate and/or im-
prove different tasks in PET imaging.11,12 AI methodologies have
found their way in all stages of nuclear medicine imaging, from
instrumentation,13 to image reconstruction and corrections,14
segmentation,15 and eventually harnessing the information in the
images toward improved diagnosis,16,17 prognosis,18,19 and treatment
outcome prediction.20,21 The efficacy of these models is directly
linked to the quality of the input images.14,22 As a result, researchers
and developers often dedicate significant time and effort to search in
large collections of images to identify high-quality and artifact-free
scans. In addition, in the case of public datasets, although they have
significantly propelled the field forward, they have introduced a dis-
connect between data collection and its application.23 As such, main-
taining quality assessment over 18F-FDG PET images is crucial to
avoid bias in physicians’ interpretation and training process of AI-
based algorithms.

Conventional methods used in the clinic for quality assessment
of PET images include subjective and objective approaches.24,25 In
some imaging centers, the quality of the PET images is approved sub-
jectively by the radiologists, which represents an inefficient allocation
of high-cost labor and is extremely time-consuming.26 Additionally,
subjective image quality assessment (IQA) cannot always be per-
formed immediately after image acquisition, potentially necessitating
a second scan, which increases the patient’s radiation dose and dis-
comfort and decreases scanner throughput.27 It also lacks reproduc-
ibility due to various environmental (eg, change in the lighting and
workstation hardware/software) and workforce-related (eg, physician
experience and fatigue) factors.28 Alternatively, image quality can be
evaluated objectively by extracting metrics from PET images, such as
signal-to-noise ratio or standard deviation of the SUV from a manu-
ally defined region of interest.28 Other metrics includemean liver and
blood pool SUVs, intact and normalized by lean body mass, which
are expected to bewithin certain limits suggested in the literature.29,30
However, these metrics are not comprehensive enough to capture im-
age quality as they do not fully align with human perception and are
independent of the image content.31

Conversely, AI-based approaches, such as radiomics-ML and
DL techniques, systematically capture comprehensive and content-
specific patterns in the target images and, by learning from the data,
identify features well-aligned with human perception.32,33 Previous
studies have investigated the application of AI algorithms in
conducting QA over different medical images, such as T2-
weighted abdomen MR images,26 3D whole-heart MR images,27

high-frequency ultrasound images,34 mammography,35 and optical
coherence tomography angiography.36 Regarding 18F-FDG PET
images, Schwyzer et al37 investigated the application of a residual
convolutional network (Res-Net) onMIP images with simulated de-
crease of acquisition time. Reynés-Llompart et al38 investigatedML
classifiers fed with different conventional biomarkers (biological
and physical) and radiomic features to evaluate the quality of ab-
dominal 18F-FDG images. Qi et al28 applied convolutional neural
network algorithms to a combination of predefined 2D axial slices
of 18F-FDG PET images with simulating decreasing scanning
times. Zhang et al39 applied a Dense Convolutional Network
(DenseNet) algorithm onwhole-body 18F-FDG PET images to clas-
sify them into binary low- and high-quality images.

Although the previously proposed models revealed promis-
ing results, they lack a comprehensive assessment of whole-body
18F-FDG PET image quality, considering the input of the proposed
models. In a whole-body 18F-FDG PET scan, various body regions
1080 www.nuclearmed.com
may exhibit varying qualities due to differences in size, shape, tissue
composition, radiopharmaceutical uptake, and motion patterns in
the body. Additionally, distinct imaging artifacts may appear in dif-
ferent body regions, prohibiting the utilization of a single model for
a whole-body scan.

In this study, we propose a fully automated framework to
conduct a region-wise IQA on 18F-FDG PET scans. This includes
a comprehensive analysis of 2 commonly used AI approaches in
medical imaging, including radiomics-ML and DL frameworks.
This fully automated framework can be valuable in (1) daily clinical
image acquisition procedures to promptly recognize low-quality
scans for potential rescanning and/or adjusting image reconstruc-
tion parameters; (2) it can play a beneficial role in dataset collection
for the development of AI-driven 18F-FDG PETanalysis models, by
rejecting low-quality images and those with artifacts, to deliver a
clean dataset.
PATIENTS AND METHODS

Dataset Description
Patient Demographics

The dataset used in this study was retrospectively collected
from patients undergoing whole-body 18F-FDG PET/CT scans at
Geneva University Hospital, Geneva, Switzerland, from July
2019 to September 2021.14 The collection of this dataset was part
of a previously conducted study approved by the institutional
ethics committee (CCER ID: 2017-00922).14 The dataset in-
cluded 87 patients scanned on 2 scanners, namely, Biograph
mCT and Biograph Vision (Siemens Healthineers, Knoxville, TN).
Table 1 presents the demographics of the enrolled patients, in ad-
dition to information regarding PET/CT image acquisition and
reconstruction protocols.

PET images were attenuation and scatter corrected once con-
ventionally using CT images (CT-ASC), and oncewith a deep learn-
ing model (DL-ASC) proposed by Shiri et al.14 The later model per-
forms quality assurance by detecting and disentangling artifacts
while performing attenuation/scatter corrections.14,40

Subjective Quality Assessment
The overall quality of 174 18F-FDG PET scans (87 CT-

ASC + 87 DL-ASC) was qualitatively evaluated for each body re-
gion, separately by 2 experienced board-certified nuclear medicine
physicians: rater 1 (I.M.) with 11 years (higher experienced physi-
cian) and rater 2 (E.H.) with 5 years (lower experienced physician)
of experience (raters’ evaluation was separated, and they were blind
to each other’s evaluation).14 Randomly selected from the dataset,
39 of the scans were presented to the physicians twice to be
reevaluated for intrareader repeatability measurement purposes
(the physicians were blind to this information).14

The subjective IQA was performed separately for each body
region. Regions included (1) head and neck, including the brain;
(2) chest, including the lungs; (3) chest-abdomen interval (diaphragm
region); (4) abdomen; and (5) pelvis.14 The physicians ranked the im-
age quality for each body region based on the Likert scale on their
standard workstation, OSIRIX.41 The scores ranged from 1 to 5,
reflecting very poor, poor, average, high, and excellent image quality.

To evaluate the consistency of the quality assessment by phy-
sicians, interreader and intrareader reproducibility was calculated
using an intraclass correlation coefficient (ICC) test with a 2-way
mixed average measure and 95% confidence interval.42,43 In this
study, the ICC scoreswere classified as indicating excellent agreement
for ICC≥ 0.75, good agreement for 0.60≤ ICC< 0.75, fair agreement
for 0.40 ≤ ICC < 0.60, and poor agreement for ICC < 0.40.44
© 2024 Wolters Kluwer Health, Inc. All rights reserved.
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TABLE 1. The Infographics of the Patients Enrolled in This Study Protocol

Characteristic Info

Scan date July 2019–Sep 2021
Sex M [#48], F [#39]
Age, mean ± SD 62.4 ± 15.5 y
Weight,* mean ± SD 74 ± 16.6 kg
Radiopharmaceutical 18F-FDG
Injected activity,* mean ± SD 265 ± 58 MBq
Injection to PET scan time, mean ± SD 71 ± 19 min
PET time per bed, mean ± SD 2.5 ± 0.5 min
PET reconstruction protocol OSEM3D + TOF 2i21s [#14], PSF +

TOF 2i21s [#20], PSF + TOF 5i5s [#53]
PET pixel spacing,* [minX-maxX], [minY-maxY], [minZ-maxZ] [1.6–4] mm, [1.6–4] mm, [1.4–3] mm
CT pitch factor 0.8
CT kVp, mean ± SD 112 ± 13 kVp
CT tube current,* mean ± SD 131 ± 46 mAs
CTDI, mean ± SD 5.2 ± 2.9 mGy
CT pixel spacing,* [minX-maxX], [minY-maxY], [minZ-maxZ] [0.98–0.98] mm, [0.98–0.98] mm, [1–1.5] mm
Scanner SIMENS Biograph Vision [#53], SIMENS Biograph mCT [#34]

*These information were missing for 33 patients.
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Automatic Image Quality Assessment
The workflow of the proposed automatic PET IQA model is

illustrated in Figure 1. The proposedmodel for automatic quality as-
sessment of PET images operates in a binary manner, that is, classi-
fying images as high-quality and low-quality. To this end, images
were dichotomized into low-quality versus high-quality for physi-
cian quality scores ≤3 versus >3, respectively.

For each body region, models were once developed on the
scores given by the higher experienced physician (rater 1 models),
once based on scores given by the lower experienced physician
(rater 2 models), and once based on the average score (Avg-Rate
model). For each of the body regions, the dataset was distributed
in 3-foldswhile preserving the ratio of low- and high-quality images
within each fold. To keep a fair comparison, models developed for
each region were trained and cross-validated on the same 3-folds.

Pre-Processing
Whole-body contouring, excluding the extremities, was

performed to define the volume of interest (VOI). To this end,
we used an automatic DL-based model publicly available as
“TotalSegmentator.*” 45 TotalSegmentator can extract the whole-
body contour without the extremities from the CT images. This
modelwas trained on awide range of CT images from various scan-
ners and institutions.45 The generated masks were edited/verified
by a nuclear medicine physicist.

For the automatic split of whole-body scans to different re-
gions, we used a publicly available DL-based model† proposed by
Schuhegger.46 Their model performs body part regression for CT
images by anatomically annotating various axial slices. Their pro-
posed model was trained and validated on more than 2000 CT im-
ages from various scanners, institutions, and imaging protocols to
ensure generalizability.46 Based on their defined annotations, we
extracted axial slices from the slice annotated “pelvis-start” to “lum-
bar vertebrae 5 (L5)” for pelvis region, “L5” to “lung start” for the
*https://github.com/wasserth/TotalSegmentator

†https://github.com/MIC-DKFZ/BodyPartRegression

© 2024 Wolters Kluwer Health, Inc. All rights reserved.
abdomen, “lung-start” to “liver-end” for the chest-abdomen inter-
val, “liver-end” to “thoracic vertebrae 2 (Th2)” for chest, and
“thorasic-2” to “head-end” for the head and neck region including
the brain.46 After applying the model, a nuclear medicine physicist
edited/verified the extracted regions.
Radiomics and Machine Learning Framework
All PET images were interpolated to an isotropic voxel size

of 3 � 3 � 3 mm3 to make them rotationally invariant. The gray-
level intensities were discretized to a fixed bin size of 0.2 SUV.
For each region, features were extracted from thewhole-bodymask,
excluding the arms. Standardized Environment for Radiomics
Analysis,‡47,48 an Image Biomarker Standardized Initiative–
compliant package,49,50 was used for feature extraction. A total of
174 features were extracted, including morphological, intensity-
based, and texture features (GLCM, GLRLM, GLDZM, GLSZM,
NGTDM, and NGLDM). The list of the calculated features with
their description is presented in Supplementary Table S1, http://
links.lww.com/CNM/A510.

Features with a standard deviation of zero were removed, and
the Pearson test was applied to identify and remove highly correlated
features (Pearson coefficient >0.95) to address nonredundancy. The
predefined 3-folds (same as the folds used for DLmodels) were used
for training and testing. Features in the training dataset underwent Z-
score normalization, and the calculated mean and standard deviation
were applied to normalize the testing dataset. For feature selection,
we used a wrapper method named Boruta.51

The well-known nonparametric K-nearest neighbors52 algo-
rithm was used to classify images into low-quality and high-quality
classes. The k-value in K-nearest neighbors was optimized during
hyperparameter optimization with internal 3-fold cross-validation
on the training dataset. Area under the receiver operating characteris-
tic curve (AUC), sensitivity (SEN), specificity (SPE), and accuracy
(ACC) metrics were calculated for each testing dataset, and the aver-
age value of the 3 folds was reported.
‡https://github.com/ashrafinia/SERA
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FIGURE 1. The workflow of the proposed automatic and human-perceptive 18F-FDG PET IQA model.
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Deep Learning Framework
A Densenet169 DL architecture53 was utilized to classify the

images. The images were resized in right-to-left and anterior-
posterior directions and were padded in the craniocaudal direction to
reach the target size of 128 � 96 � 64, then normalized by dividing
them into 5 (SUV). The predefined 3-folds (same as the folds used
in radiomics-ML models) were used for training and testing, whereas
10% of the training dataset was separated as a validation set during
the training phases. Training and validation datasets were augmented
by flipping and zooming to achieve a balanced number of images in
each class. Data augmentation techniques that change the image con-
trast or add noise to images were not used to mislead the network re-
garding the image quality. The training was continued for 500 epochs
using the cross-entropy loss function. AUC, SEN, SPE, and ACCmet-
rics were calculated during training, and the model with the best aver-
age validationmetricswas saved for inference. To avoid using an initial
random weight leading to a high average metric, the first 20 epochs
were neglected during the model selection phase. The training process
was performed using PyTorch and MONAI54 platforms using an
RTX4090 GPU and Intel Corei913900KF CPUwith an average infer-
ence time of less than a second per image.

To compare model performances, we utilized the DeLong
test (for each body region: DL vs radiomics-ML, and rater 1 vs rater
2 vs Avg-Rate model). Resulting P values <0.05 were considered
as significant.

RESULTS

Subjective Image Quality Assessment
Figure 2 shows the number of images associated with each

quality score given by 2 physicians for each of the regions. In
general, most of the images achieved scores of 3 and 4 (average
and good quality). From a dichotomized point of view, the num-
ber of images in low-quality class (scores 1, 2, and 3) versus
1082 www.nuclearmed.com
high-quality class (scores 4, and 5) seemed well balanced in head
and neck, chest, and pelvis regions, but is skewed toward low
quality in chest abdomen interval and abdomen regions.

The results of the intrareader and interreader reproducibility
as evaluated by the ICC test (95% confidence intervals) are pre-
sented in Table 2. Rater 1 showed better intrareader reproducibility
(higher ICC) in comparison to rater 2. The intrareader reproducibil-
ity in head and neck and chest regions was excellent for both raters;
in chest/abdomen interval, it was excellent for rater 1 and fair for
rater 2; in abdomen, it was good for rater 1 and excellent for rater
2; and in pelvis, it was excellent for both raters. The interreader re-
producibility was excellent for the head and neck region, good for
chest-abdomen interval and abdomen regions, and fair for chest
and pelvis regions.

Automatic Quality Assessment
Model Performances

Table 3 reports the performance of all models for each body
region based on AUC, ACC, SEN, and SPE. Figure 3 illustrates the
receiver operating characteristic (ROC) curves of the models. The
ROC curves are illustrated for each region, for radiomics-ML and
DL models, and for rater 1, rater 2, and Avg-Rate models. Supple-
mentary Figures S1 and S2, http://links.lww.com/CNM/A510,
show the same ROC curveswith their confidence interval generated
with bootstrapping. In addition, the confusion matrices of all the
models are presented in Supplementary Figures S3 and S4, http://
links.lww.com/CNM/A510. In the following, for each body region,
the performances of the best model selected by the authors (among
rater 1, rater 2, and Avg-Rate models developed with radiomics-ML
and DL approaches) are reported in the format of [AUC, ACC,
SEN, and SPE].

For the head and neck region, the models showed excellent
results. The best modelwas rater 1 model with DL approach achiev-
ing [0.97, 0.95, 0.96, and 0.95]. In the chest region as well, the rater
© 2024 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 2. The number of images associated with each quality score attributed by 2 physicians for each of the regions.
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1 model with DL approach had the best performance with [0.85,
0.82, 0.87, and 0.76]. For the chest-abdomen interval, rater 1 model
with DL algorithm again achieved the best results with [0.83, 0.76,
0.68, and 0.80]. In the abdomen region, rater 2 model with DL ap-
proach was selected with [0.73, 0.72, 0.64, and 0.77]. Finally, for
the pelvis region, the rater 2 model developed with DL approach
was selected with [0.72, 0.68, 0.70, and 0.67].

Observer-Based Comparison of Models
As shown in Table 3, there are apparent differences in the per-

formance of the models developed on scores given by rater 1
(higher experienced physician) and rater 2 (lower experienced phy-
sician). Figure 4 statistically compares the performance of rater 1,
rater 2, and Avg-Rate models, separately for radiomics-ML and
DL methods, for each body region. In the head and neck region,
regardless of DL or radiomics-ML approach, the performance of
the rater 1 model was significantly higher than both rater 2 and
the Avg-Rate model. In the chest region, in the DL group, the rater
TABLE 2. Results of the Intrareader and Interreader Variabilitie
Confidence Intervals)

Region Rater 1 Intrareader ICC

Head and neck 0.92 (0.84–0.96)
Chest 0.80 (0.61–0.89)
Chest abdomen 0.79 (0.60–0.89)
Abdomen 0.73 (0.49–0.86)
Pelvis 0.80 (0.62–0.90)

© 2024 Wolters Kluwer Health, Inc. All rights reserved.
1 model significantly outperformed rater 2 and had the same re-
sults as the Avg-Rate model, whereas in the radiomics-ML group,
the differences were nonsignificant. Among models developed for
chest abdomen interval, for both radiomics-ML and DL groups,
the rater 1 model showed significantly better performance than
the other two. In the abdomen region, no model showed signifi-
cantly different results. Regarding the models developed for the
pelvis region, rater 2 and the Avg-Rate model had similar results,
whereas both significantly outperformed the rater 1 model.

Comparison of Radiomics-ML and DL Strategies
Table 4 shows the results of the comparison of the perfor-

mance of radiomics-ML and DL models for each region. The com-
parison was performed using the Delong test on the AUC of the
models. Although, in general, the performance metrics achieved
by the DL models were slightly higher than radiomics-ML models,
the differences were insignificant for all regions (with a 95%
confidence interval).
s as Evaluated for Each Body Region by the ICC Test (95%

Rater 2 Intrareader ICC Interreader ICC

0.78 (0.58–0.88) 0.79 (0.72–0.84)
0.78 (0.57–0.88) 0.59 (0.44–0.69)
0.59 (0.21–0.79) 0.65 (0.53–0.74)
0.76 (0.54–0.88) 0.60 (0.47–0.71)
0.81 (0.63–0.90) 0.58 (0.43–0.70)
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TABLE 3. Performances of the DL and Radiomics-MLModels Developed Based on the Scores Given by 2 Physicians (Rater 1 and
Rater 2 Models) and the Average Score (Avg-Rate Model) for Each Body Region Based on AUC, ACC, SEN, and SPE.

Deep Learning Radiomics

Region Rater AUC ACC SEN SPE AUC ACC SEN SPE

Head and neck Rater 1 0.97 0.95 0.96 0.95 0.96 0.91 0.93 0.88
Rater 2 0.71 0.70 0.71 0.67 0.78 0.70 0.81 0.53
Avg-Rate 0.84 0.80 0.79 0.82 0.88 0.86 0.90 0.83

Chest Rater 1 0.85 0.82 0.87 0.76 0.77 0.73 0.79 0.66
Rater 2 0.70 0.69 0.75 0.57 0.69 0.66 0.76 0.47
Avg-Rate 0.81 0.76 0.71 0.82 0.78 0.74 0.78 0.70

Chest-abdomen Rater 1 0.83 0.76 0.68 0.80 0.75 0.73 0.62 0.79
Rater 2 0.61 0.62 0.63 0.62 0.61 0.60 0.36 0.75
Avg-Rate 0.60 0.58 0.56 0.58 0.56 0.71 0.29 0.87

Abdomen Rater 1 0.70 0.67 0.66 0.67 0.70 0.68 0.57 0.75
Rater 2 0.73 0.72 0.64 0.77 0.71 0.64 0.59 0.68
Avg-Rate 0.73 0.74 0.44 0.84 0.69 0.73 0.40 0.84

Pelvis Rater 1 0.63 0.64 0.65 0.64 0.65 0.61 0.61 0.61
Rater 2 0.72 0.68 0.70 0.67 0.72 0.71 0.56 0.81
Avg-Rate 0.73 0.75 0.54 0.83 0.69 0.71 0.44 0.82
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Qualitative Analysis of the Models
Figure 5 shows the performance of the proposed 18F-FDG

PET IQA framework on 5 representative cases. Case A illustrates
a patient with a mismatch artifact between the CT and PET scans
in the head and neck region due to head motion. This discrepancy
can result in erroneous ASC and ultimately inaccurate quantifica-
tion (red arrows point at regions being overshot in the PET image).
Case B shows the chest region of a patient with high levels of noise
in the PET scan, making interpretation and clinical diagnosis chal-
lenging for the physicians. Case C shows the chest-abdomen inter-
val of a patient with severe respiratory motion artifacts appearing in
the diaphragmatic region (lungs and liver), making SUV quantifica-
tion and assignment of lesions to the correct organ challenging for
the physicians. Case D refers to a patient with severe truncation ar-
tifact in the abdomen region due to the extremities (arms) being out
of the field in the CT scan, leading to inaccurate ASC and corrup-
tion of the PET image, preventing the physician from confidence
in reporting. Finally, in case E, a patient with severe metallic artifact
in the CT image at the pelvis region is shown, which leads to wrong
quantification of the regions in the vicinity of the metallic objects
due to errors in ASC. The proposed IQA model successfully iden-
tified the mentioned cases as low-quality images.

Figure 6 shows 2 other patients with low quality images
caused by misadministration of 18F-FDG and external contamina-
tion in the scanner’s field of view (FOV). Case A shows a patient
with 18F-FDG extravasation, causing low and/or disrupted uptake
and clearance in different tissues leading to a noisy and low-
quality image. Both physicians reported low quality and diagnostic
confidence for all body regions. Our model successfully identified
the image as being of low quality in the head and neck, abdomen,
and pelvis regions. In the chest and chest-abdomen regions, the
Avg-Rate model (model based on average of the scores given by
physicians) classified the images incorrectly. However, the model
trained on the scores given by rater 1 and rater 2 correctly classified
chest and chest-abdomen interval regions, respectively. Case B in-
volves an image with contamination (activity outside the patient’s
body) within the FOV, resulting in disrupted image reconstruction
and artifacts in the chest region, thus preventing the physicians from
1084 www.nuclearmed.com
reaching a diagnosis. The proposed IQA model accurately classi-
fied the chest region of this scan as being of low quality.
DISCUSSION
In this study, we developed a fully automated framework to

conduct a region-wise IQA on 18F-FDG PET images. In a clinical
setting, it can serve as a valuable tool to reduce the cumbersome
workload of QC on the scans and accelerate the diagnostic and
monitoring processes. Additionally, patients would benefit from
immediate recognition of the need for a second scan in case the
initial one was inconclusive. Another significant application for
such a model would be in data management procedures. The
day-by-day increasing adoption of AI-driven models in medical
imaging necessitates platforms to automate and accelerate the
data collection procedure. The presented framework can assist
researchers in selecting high-quality and artifact-free 18F-FDG
PET images, based on the concerned region of interest. Various
body regions in the same PET image can reflect different image
quality due to differences in underlying tissue compositions, mo-
tion patterns, and susceptibility to artifacts.40 The proposed 18F-
FDG PET IQA framework was trained separately on each body
region to fit specific training procedures following extraction
of content-specific features from the regions and enable region-
wise usage for big-data analysis purposes.

Models developed for the head and neck region showed ex-
cellent performance. A common artifact in the PET scan of this re-
gion is the mismatch between CTand PET caused by head motion,
which is frequent in pediatrics, elderlies, and patients suffering from
dementia.14 Case A in Figure 5 shows a case with severe head mo-
tion artifact. This artifact can lead to a corrupted ASC and cause un-
derestimation or overestimation of SUVs, misleading physicians in
their interpretation.14,40,55 For the chest region as well, the proposed
models showed desirable performance. High levels of noise in 18F-FDG
PET images can occur due to physical (inaccuracy/miscalibration of
the hardware or errors in reconstruction propagating noise) or physi-
ological reasons (low injected activity or extravasation or low uptake
due to high glucose levels). High levels of noise in PET images
© 2024 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 3. The ROC curves of the DL and radiomics-ML models developed for each body region.
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FIGURE 4. Comparison of the performance of models (models annotated on rows are compared with models annotated on the
columns) when developed based on scores from rater 1 (experienced physician) versus rater 2 (physician with less experience)
and average scores (Avg-Rate models). The comparison was performed with the Delong test on the AUC metric, and P values
<0.05 were considered significant.
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reduce the diagnostic confidence and lower the accuracy of the
interpretation.56 Case B in Figure 5 shows a noisy PET scan in the
chest region, with low diagnostic value.

The chest-abdomen interval was purposely separated from
the chest and abdomen regions due to the high susceptibility of
the diaphragmatic region to respiratory motion artifacts (Fig. 2
shows the relative lower quality of images in this region compared
with other regions). Uncontrolled respiratory motion potentially
causes misalignment between organs in the diaphragm interval
(lungs, liver, and spleen), which can be spanned up to 4.5 cm, and
results in a curvilinear cold artifact in the upper lobe of the liver
(Fig. 5, Case C).14,57 This common artifact introduces challenges
in attributing lesions to the correct organ and can lead to misinter-
pretation or misdiagnosis.14,57 The proposed IQA model for the
chest abdomen interval region achieved significantly higher perfor-
mances in rater 1 models, compared with rater 2, and Avg-Rate
models. It is worth mentioning that the intrareader reproducibility
in scoring of this region was excellent for rater 1, and only fair for
rater 2. The interreader reproducibility in chest-abdomen interval
achieved an ICC of 0.65, showing nonnegligible disagreement be-
tween quality scores attributed to this region by the raters. This
might explain the nonconsistent performance of the models be-
tween the raters for this region.

The proposed IQA model showed acceptable performance
for the abdomen region. This region can suffer from noise fol-
lowing lower photon counts often aggravated by the larger sizes,
plus artifacts such as truncation,14,58 leading to average lower
quality compared with other regions (Fig. 2). The truncation ar-
tifact (Fig. 5, Case D) occurs when a portion of the patient’s body
(mostly arms in obese patients or patients in arms-down position
on the bed) is present in the PET FOV but not within the CT
TABLE 4. The Delong Test P Value for Comparison Between
Deep Learning and Radiomics-Machine Learning Models.

Radiomics-ML vs DL (P)

Rater 1 Rater 2 Rate_Avg

Head and neck 0.820 0.161 0.398
Chest 0.077 0.915 0.497
Chest-abdomen interval 0.113 0.982 0.562
Abdomen 0.958 0.747 0.559
Pelvis 0.772 0.913 0.533

1086 www.nuclearmed.com
FOV.59 This would result in overshooting around the CT image
rim and undershooting in regions outside of the CT FOV.60 More-
over, for the pelvis region, the proposed model revealed accept-
able performance. Metallic artifacts can occur in CT images
due to the presence of metal objects in various parts of the body.
However, specifically in elderly patients, the pelvis region is
more susceptible to metallic artifacts because of the common me-
tallic prosthesis for hip arthroplasties (Fig. 5, Case E). Metallic
objects do not directly affect the PET signals but can interfere
with PET quantification because of artifacts in CT images used
for ASC.61 This can overshoot the SUVs in adjacent regions up
to 20%, potentially leading to misinterpretation as pathology.62

In Figure 5, we showed 5 18F-FDG PET cases in our cohort
(along with their CT and fused images), which were tagged as
low-quality by both physicians due to the common reasons
(noise and artifact) mentioned in previous paragraphs. The pro-
posed 18F-FDG PET models correctly classified all these images
from different body regions, which shows their ability in identi-
fying various artifacts and quantification anomalies in 18F-FDG
PET images.

Erroneous delivery of 18F-FDG to the patient’s body, referred to
as 18F-FDG infiltration or extravasation, is one of the factors affecting
PET image quality. In a standard 18F-FDG administration, the pre-
scribed dose used for SUV calculations completely enters the sys-
temic circulation. However, extravasation leads to a mismatch be-
tween the injected and actual circulating activity, as some of the
radiotracer remains near the injection site and reenters the circu-
lation via lymphatic reabsorption at an unpredictable rate. This al-
ters the radiotracer’s supply and clearance in tissues, affecting the
resulting SUV. Infiltration can degrade image quality mainly due to
inadequate tracer delivery and the ongoing release of the radiotracer
from the injection site, without sufficient time for clearance.63 The
literature suggests a 15% occurrence for the misadministration of
the radiotracer, which by no means is uncommon.63–65 Our pro-
posed IQA model applies a body contour and excludes the extrem-
ities from the input images, and as such, it does not directly see and
detect this effect. However, if extravasation leads to reduced radio-
pharmaceutical uptake in the organs and subsequently results in a
low-quality image, it would be classified accordingly by the proposed
model. Case A in Figure 6 is an example of the abovementioned sce-
nario. Another cause of quality degradation is external activity con-
tamination in the scanner’s FOV. Case B in Figure 6 illustrates an
image with external contamination, which disrupted image recon-
struction and prevented physicians from achieving diagnosis in
the chest region. Our proposed IQA model successfully classified
the chest image as low-quality.
© 2024 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 5. Five low-quality 18F-FDG PET images suffering from various artifacts and noise shown along their CT and fused PET/CT
images. A, Image illustrates a patient with a mismatch artifact between the CT and PET scans in the head and neck region due to
head motion resulting in erroneous ASC and ultimately inaccurate quantification (red arrows point at regions being overshot in the
PET image).B, Image shows the chest region of a patient with high levels of noise in the PET scan,making the diagnosis challenging
for the physicians. C, Image shows the chest-abdomen interval of a patient with severe respiratory motion artifact in diaphragmatic
organs (lungs, liver), resulting in a curvilinear cold artifact in the upper lobe of the liver, indicated by the red arrow.D, Image refers to
a patient with severe truncation artifact in the abdomen region due to the arms being out of the field in the CT scan (the vertical red
arrows depict the arms present in the PET image and cropped from the CT FOV), leading to inaccurate ASC and corruption of the
PET image (the horizontal arrow shows the resulting artifact in the PET image), preventing the physician from any diagnosis. E, A
patient with severe metal artifact in CT at the pelvis region is shown, which leads to error-prone quantification of the regions in the
vicinity of the metallic objects due to errors in ASC, consequently uncertainty in lesion classification (the red arrow shows the affected
lesion). The proposed 18F-FDG PET IQA model successfully identified the shown cases as low-quality images.
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The subjective quality assessments of the images were per-
formed separately by 2 physicians. Models were developed sepa-
rately based on rater 1 (physician with higher experience), rater 2
(physician with lower experience), and on the average of the scores.
© 2024 Wolters Kluwer Health, Inc. All rights reserved.
The comparison of the models within each region showed statisti-
cally significant differences in the performances (Fig. 4). In general,
our results showed a good alignment between the performance of
the models and the intrareader reproducibility of the scores which
www.nuclearmed.com 1087
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FIGURE 6. Two low-quality 18F-FDG PET images suffering from misadministration of the radiopharmaceutical, and external
activity contamination in scanner’s FOV. A, A patient with 18F-FDG extravasation (red arrow is pointing at the injection site),
causing low and/or disrupted uptake and clearance in different tissues leading to a noisy and low-quality image. Both physicians
reported low quality and diagnostic confidence for all the body regions. B, An image with contamination (activity outside the
patient’s body, shown by the oblique red arrow) within the FOV, resulting in disrupted image reconstruction and artifacts in the
chest region (shown by the horizontal red arrow), which prevented the physicians frommaking a diagnosis. The proposed IQA
model correctly classified both cases as low quality.
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the model was developed on. In other words, the performance of the
models decreased whenever there was inconsistency in scoring by
the physician (low intrareader ICC) (Tables 2 and 3, and Fig. 4).
In the head and neck, chest, and chest-abdomen regions, the models
trained on the scores given by the physician with higher experience
(rater 1 models) revealed superior performance. In these regions,
rater 1 also showed better intraobserver agreement in scoring
(Table 2). This underscores the importance of using scores from
multiple physicians in similar IQA models for better alignment of
the model with common human perception and to improve the
generalizability.66 Additionally, conducting educational group
sessions with expert readers is strongly recommended to achieve
consensus in quality assessment.

In this study, we approached the task with 2 well-explored
AI-driven frameworks in the field, namely, radiomics-ML and DL
frameworks. For each region, models were developed with both
frameworks, and in none they were statistically different (Table 4).
Although not statistically significant, the performance of the DL
models generally exhibited a slight superiority. Moreover, the DL
models are superior in the sense that they are not dependent on a
predefined VOI. We used automatic models to delineate the whole-
body VOI and exclude the extremities using CT images. Neverthe-
less, it makes radiomics models to be dependent on CT images for
VOI extraction and may potentially propagate any error in the seg-
mentation process to the overall performance of the IQA models.

Automatic and human-perceptive-equivalent quality assess-
ment of 18F-FDG images using AI-based algorithms has been pre-
viously studied by various research teams.28,37–39 However, their
models lack comprehensiveness as they extract information from
MIP images,37 or defined axial slices,28,38 instead of the 3D images.
1088 www.nuclearmed.com
To the best of our knowledge, this is the first study reporting on
fully automatic and human-perceptive 18F-FDG PET QA individu-
ally for each body region.

Bradshaw et al66 provided recommendations and guidelines
on best practices for the development of trustworthy AI-driven
models in nuclear medicine. They classify data annotation quality
into 4 levels. Labeling by multiple experts has the second highest
quality, just below ground truth labels66 which is not available for
IQA studies. In the absence of ground truth labels, they recommend
preparation of the experts (physicians) with clear and comprehen-
sive instructions for annotating and performing the labeling in a
consensual manner (through discussions between the physicians).66
Although in this study, the physicians were well-instructed for quality
scoring, the annotation procedure was not performed in consensus,
which is one of the limitations of this study. Although the present
study focused on supervised models, given the abundance of unla-
beled data in clinical PACS systems, exploring unsupervised or
semisupervised approaches for IQAwould be of great interest as an-
notating the images is the most time-consuming and main bottleneck
of similar studies. Our analysis did not include any PET images ac-
quired with low activity injected protocols. This was by design, as
our model was specifically intended to identify scans with low image
quality, rather than to assess the effects of low-dose protocols. How-
ever, we believe that if a low-dose scan results in a noisy or low-
quality image, our model would still be capable of identifying it as
such. Another limitation is the limited size of the dataset used. Al-
though images were from 2 PET scanners, a large dataset from mul-
tiple imaging centers, acquired on various PET scanners using differ-
ent acquisition and reconstruction protocols, may significantly
increase models’ generalizability and reproducibility.8,66
© 2024 Wolters Kluwer Health, Inc. All rights reserved.
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CONCLUSIONS
We proposed a fully automated human-perceptive model to

conduct region-wise IQA over 18F-FDG PET images. Implementation
of the presented framework in clinical settings would alleviate the
workload and expedite the interpretation process by delivering
high-quality images to physicians. In addition, this can be a power-
ful tool to select high-quality and artifact-free images toward gener-
ating curated 18F-FDG PET datasets for AI-driven research.
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