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Abstract 

Purpose:  Radiomics features have been utilised as group metrics of image quality 
in many areas of diagnostic radiology. In this pilot study, the relationship between tech-
nical metrics used in image quality assurance and visual grading scores provided 
by a radiologist were evaluated. Image dataset harmonisation allowed comparison 
between the two and allowed trends to be extracted. We propose a reproducible tech-
nique to identify the metrics.

Methods:  A retrospective chart review of 30 [18F] FDG-PET/CT performed in a nuclear 
medicine referral centre was performed. Image datasets were reprocessed to cor-
respond to a bed duration of 180, 120, 60, 30 s per bed position and were analysed 
according to a pre-set bank of semi-quantitative features by a radiology resident. The 
extraction of radiomic features in PET images was performed using SLICER-RADIOMICS 
Module version 5.2.2. To facilitate the comparison of radiomic features and radiolo-
gist scoring data, normalisation was performed on both data sets. Fréchet distance 
analysis, Mean Square Error and Mean Absolute Error display the level of agreement 
between features and radiologist following the rescale of the data.

Results:  Of the 120 reprocessed image datasets, 115 were included in the study. We 
focused on overall image quality score rather than individual radiomic metrics as this 
identified the most robust trend. A significant difference in the 30 s image dataset 
with respect to each group individually and combined for the radiologist overall score 
was observed.

Conclusion:  Our results show that a large percentage change in certain features can 
indicate a significant change in quality in clinically processed images.
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Purpose
Positron emission tomography (PET) has been in use clinically for since the 1970s 
(López-Mora et al. 2022). In recent years, digital PET has been developed and is used 
clinically. However, there are several drawbacks to the technique, such a poor spatial res-
olution, noise due to scattered photons and reduced signal, as a result of systems dead-
time. A low signal to noise ratio (SNR) is a consequence of these (Singh 2024; Gong 
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et al. 2021). The introduction of silicon photomultipliers (SiPMs) to replace photomul-
tiplier tubes (PMTs), the spatial and coincidence time resolutions have increased due to 
increased detector sensitivity (Fragoso Costa et al. 2022). SiPMs achieve a 1-to-1 corre-
spondence between photomultipliers and detectors. This results in a very good intrinsic 
timing resolution and increased dynamic range, meaning that SiPMs improve both the 
sensitivity and the maximum count rate. Thus, improved image resolution.

There is a growing trend towards quantitative imaging, with increased optimism that 
identifying and quantifying image-derived biomarkers will enhance the capabilities of 
PET and lead to better patient outcomes. For example, many studies (Cook et al. 2013; 
Tixier et al. 2011) on quantitative PET have yielded promising outcomes in tumour tex-
ture analysis, suggesting that radiomic features can effectively capture tumour heteroge-
neity and potentially be used to predict clinical outcomes. Radiomics has been utilised in 
image quality in many areas of diagnostic radiology (Reynés-Llompart et al. 2019; Why-
bra, et al. 2024; Amakusa et al. 2018; Mizuta et al. 2009). While the term is not strictly 
defined (Mayerhoefer et  al. 2020), Radiomics is a method that aims to extract large-
set quantitative image-derived metrics, such as intensity and texture, from diagnostic 
images, that are ideally reproducible, to identify associations between imaging data and 
patient outcomes. However, clinical application and adoption has been limited, which 
may be partly due to overall poor generalisability and lack of robustness. Many radiomic 
metrics are sensitive to different acquisition protocols (Galavis et  al. 2010), different 
scanners (Reuzé et al. 2017) and reconstruction algorithms (Yan et al. 2015). Unfortu-
nately, this reflects real-world clinical practice, where there is diversity in image acquisi-
tion across clinical sites and variables like acquisition protocols and scanners cannot be 
completely standardised. Nonetheless, they are useful tools for image quality assessment 
in [18F] FDG-PET/CT and nuclear medicine.

Radiographic image quality may be considered as a balance between three primary 
parameters: noise, spatial resolution and contrast (Mayo et  al. 2003; Mattsson and 
Söderberg 2011. In [18F] FDG-PET/CT, it is a function of both dose and acquisition time. 
Image quality is an important factor in interpreting and accurately identifying pathol-
ogy. Noise is unavoidable in medical imaging and is often a major factor limiting image 
quality (McNitt-Gray 2006; Primak et al. 2006). An increase in noise reduces both low-
contrast and spatial resolution, affecting how radiologists perceive the image. However, a 
certain level of noise is tolerable within a system and may not significantly impair image 
interpretation (Kalender 2011; Wessling et  al. 2003). The standard of image quality is 
multifactorial, considers radiologists’ preferences, as well as striking a balance between 
acceptable image noise and radiation dose.

Observer performance methods, including visual grading analysis (VGA), are estab-
lished techniques for assessing and analyzing image quality in medical imaging and 
diagnostic radiology (Ludewig et  al. 2010). The validity of VGA is considered high, as 
observer ratings take into consideration experience and confidence interpreting an 
image and technical factors. Image assessment is conducted by evaluating the visibil-
ity of clinically relevant structures, following established standards like the European 
guidelines on quality criteria. Reliable validated methods for assessing image quality are 
essential for the implementation of optimised PET protocols. VGA by radiologists may 
be useful in identifying simple, reproducible radiomic features (Piñeiro-Fiel et al. 2021) 
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which may act as quick image quality control assessment, prior to nuclear medicine spe-
cialist identification of a suboptimal study. Simple, freely available metrics which are 
quickly calculated could potentially increase the likelihood of widespread adoption and 
minimise additional expense to users.

In this study, the relationship between technical metrics used in image quality assur-
ance and visual grading scores provided by a radiologist were evaluated. Our objective 
in this pilot study is to identify reproducible radiomics features that have been scaled to 
radiologist VGA, as potential image quality discriminators in [18F] FDG-PET. VGA was 
performed by a resident radiologist on EANM Research Ltd (EARL)-accredited images 
and radiomics assessment was performed by medical physicists. Traditionally harmoni-
sation has been performed between sites, the harmonisation in this study was between 
VGA and technical radiomic metrics. Image dataset harmonisation allowed comparison 
between the two allowed trends to be extracted. We propose a reproducible technique to 
identify the metrics.

Methods
Patient population

This is a pilot retrospective chart review of 30 patients referred for [18F] FDG-PET/CT to 
the Mater Private Hospital Network was conducted between August to September 2022. 
The male-to-female ratio was 1:2. There was a broad range of patient weights between 
48 and 112.5 kg (kg), with an average weight of 74 kg. The range of injected activity was 
between 108 and 273 megabecquerel (MBq), with a mean injected activity of 187 MBq. 
Patient diabetes mellitus status was recorded and a cut-off of acceptable blood glucose 
level of 6 was used. Our inclusion criteria was broad, as a representative sample of our 
patient cohort was desired. Patients with a variety of clinical indications for [18F] FDG-
PET were included, for example, assessment and staging of various malignancies. Stud-
ies that included whole-body, from mid-orbital to mid-thigh, [18F] FDG-PET images that 
were scanned for at least 3 min per bed in a list mode technique with intact raw data 
for reprocessing purposes. Any deviations from normal departmental whole body [18F] 
FDG-PET/CT scanning protocol were excluded. Dedicated brain [18F] FDG-PET stud-
ies, incomplete studies, studies that were scanned for less than 3 min per bed and those 
with corrupted raw data were excluded.

Image acquisition

Whole body image (Mid Orbital to Mid Thigh) List-mode data was acquired using a 
Vision 450 PET/CT scanner (Siemens Healthineers) with a bed duration of 3 min per 
position. In accordance with normal departmental guidelines, scans were acquired 
60  min after injection of [18F] FDG, administration method was weight based with a 
guideline of 2.5  MBq/kg. Attenuation-,Random- and scatter-corrected PET data were 
reconstructed iteratively including point-spread function and time-of-flight information 
using the TrueX algorithm (Siemens Medical Solutions); the settings were 4 iterations, 5 
subsets, 4.5 mm gaussian filter. A diagnostic CT scan was obtained before the PET scan 
with a 3.0 mm (16 X 1.2 mm) slice thickness, 120 kV, and a quality reference of 160 mAs 
modulated by the Care Dose automatic exposure control system.
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Image analysis

Initial image quality assessments were performed using the NEMA IEC phantom. Radi-
omics was completed on the images by analysing the texture of specific regions. For the 
NEMA IEC image quality phantom, regions of 30 mm in diameter were chosen on the 
large sphere, lung insert and background regions. This diameter was due to the diameter 
of the large sphere being 37  mm with some room for error to avoid the surrounding 
background region. For all further radiomics analysis all ROIs were 30 mm in diameter.

Thirty patient image data sets were reprocessed to create datasets of 180, 120, 60, 30 s 
per bed position. This resulted in a total of 120 datasets for analysis, four datasets of 
30 reprocessed [18F] FDG-PET images for corresponding bedtime. Images were first 
deidentified by removal of all patient identifying Digital Imaging and Communica-
tions in Medicine (DICOM) headers and assigned a non-consecutive serial number as 
an identifier. Deidentified and reprocessed images were analysed according to a pre-set 
bank of semi-quantitative features by a radiology resident. The images were graded on 
image quality on a five-point scales in various categories. Firstly, an overall score indi-
cating if the image quality is acceptable for diagnostic purposes. The quality and ability 
to interpret the attenuation correction (AC) acquisition was also evaluated. The ability 
to identify and interpret for lymph node involvement, skull base and neck, thorax and 
abdomen, and pelvis to mid-thigh. Additionally the standardised uptake value (SUV) of 
the liver was recorded.

The extraction of radiomic features in PET images was performed using SLICER-
RADIOMICS Module version 5.2.2. A segmentation of 30 mm in diameter (bin width 
25) was added to the central liver slice and in each neighbouring axial slice. The average 
of these three segmentations were found. Using these values an average value was found 
for each scan time to generate the radiomics metrics.

Statistical analysis

To facilitate the comparison of radiomic features and radiologist scoring data normalisa-
tion was performed on both data sets. Fréchet distance analysis, Mean Square Error and 
Mean Absolute Error display the level of agreement between features and radiologist fol-
lowing the rescale of the data. This type of rescaling of features has good evidence and 
implementation in the field of radiomics as found in similar implementation in ComBat 
methodology (Horng, et al. 2022). Features which had good agreement according to the 
above metrics were then analysed using single factor ANOVA analysis for significance, 
planned post hoc t-test intercomparison of specific group interactions were accounted 
for using the Bonferroni correction method to adjust the level of significance acceptable. 
A P value of less than 0.0125 was considered statistically significant. All analyses were 
performed using Microsoft Excel [365 v.2402] and Python libraries numpy, matplotlib.
pyplot, pandas, sklearn, scipy (Python version 3.8.3).

Results
Of the 120 reprocessed image datasets, 115 (95.8%) were included in the study. 5 image 
datasets were corrupted during reprocessing and accurate SUV and features could not 
be included in the assessment. We focused on overall image quality score rather than 
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individual radiomic metrics as this identified the most robust trend. Below is a heat map 
of demonstrating the radiologist scoring (Fig. 1). There is a noticeable decline in image 
quality and ability to interpret relevant structures at the thirty second bed time.

Radiologist grading

No significant differences were found between 60, 120 and 180 s image datasets, with 
overall score and ability to interpret various regions of interest being relatively simi-
lar (Table  1). The overall images quality and diagnostic interpretation was acceptable. 

Fig. 1  Normalised radiologist scoring for each time dataset

Table 1  Cluster Prominence

Metric 30 V all significance 30 V 1 min 
significance

30 V 2 min 
significance

30 V 3 min 
significance

ANOVA SINGLE FACTOR (significance < 0.05)

 Cluster prominence 1.3163 × 10−6 0.0121 0.0024 0.0018

 Cluster shade 0.0001 0.0639 0.0151 0.0104

 Kurtosis 0.0426 0.1640 0.0514 0.1425

 Complexity 4.4316 × 10−15 9.0339 × 10−5 9.7514 × 10−9 2.8636 × 10−9

 Autocorrelation 4.2812 × 10−17 6.8124 × 10−6 1.3314 × 10−10 4.4922 × 10−12

 High gray level 
Emphasis

4.7262 × 10−17 7.8345 × 10−6 1.4113 × 10−10 4.8176 × 10−12

T-TESTS (significance < 0.0125)

 Cluster prominence 1.3163 × 10−6 0.0121 0.0024 0.0018

 Cluster shade 0.0001 0.0639 0.0151 0.0104

 Kurtosis 0.0426 0.1640 0.0514 0.1425

 Complexity 4.4316 × 10−15 9.0339 × 10−5 9.7514 × 10−9 2.8636 × 10−9

 Autocorrelation 4.2812 × 10−17 6.8124 × 10−6 1.3314 × 10−10 4.4922 × 10−12

 High gray level 
Emphasis

4.7262 × 10−17 7.8345 × 10−6 1.4113 × 10−10 4.8176 × 10−12
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However, a significant difference in the 30 s image dataset with respect to each group 
individually and combined for the radiologist overall score is demonstrated (Fig. 2). In 
addition, metric variability was found to be far more pronounced in the 30 s image data-
sets (Fig. 3).

For bed times between 60 and 180 s, there was no significance reported for the over-
all image quality, lymph node involvement score or head and legs image quality scores 
(Fig. 4). The scores given to the image quality of the body has the most significance asso-
ciated with it. Using further t-tests, there was no significance between the grading for 

Fig. 2  Mean radiologist semi-quantitative metrics

Fig. 3  Radiologist score count for each bed time
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180 and 120 s bed times or the grading for 120 and 60 s. However there still was a signifi-
cant difference between the 60 s and 30 s bed times.

Radiomic analysis

Signal similarity metrics Fréchet distance and Mean Square Error (MSE) were used to 
match radiomic feature performance trend to radiologist scoring trend (Fig.  5). These 
metrics were combined and demonstrate a marked reduction in acceptability at 30  s 
(Fig. 6). Curve inversion was applied on all relevant feature datasets to assess and issues 

Fig. 4  Individual metrics radiologist grading

Fig. 5  Best radiomic features and radiologist grading on original scale
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with orientation or directionality (Fig. 7a, b). A Fréchet distance cutoff was set at 0.3, 
while a corresponding MSE cutoff was set at 0.1.

Significant differences were found between several radiomic features in the clinical 
image datasets. Both scaled and unscaled data for the radiomic features which satis-
fied both similarity and significance requirements were found to show large differences 
between 30 s dataset and all others (Table 2). Additionally, there is an overall downward 
trend in various radiomic features as bedtimes decrease, most notably at 30 s (Table 3).

Discussion
In this pilot study, we focused only on [18F] FDG-PET EARL standard 2 images to assess 
image quality. The reprocessed patient datasets allowed both semi quantitative radiolo-
gist analysis and quantitative radiomic feature analysis. Harmonisation of the results of 
the VGA and radiomics features was performed to allow for comparison between the 
two. However, as all images were performed on the same scanner with the same stand-
ard departmental acquisition protocol to yield EARL standard 2 images, harmonisation 
of the resultant images was not required.

Quantitative PET imaging has emerged as a promising approach that offers additional 
insights into prognosis and treatment response, surpassing the capabilities of traditional 
qualitative imaging. However, the sensitivity of quantitative metrics to different scan-
ners, acquisition protocols, and reconstruction algorithms is a limiting factor. Going for-
ward, it would be pertinent to confirm our findings across multiple sites. In this case, 
harmonisation of both VGA and image processing would need to be performed between 
sites. However, we propose that EARL-accredited centres could use our techniques and 
produce similar outcomes.

Trends in radiomic metrics and VGA were compared using signal similarity metrics 
and ANOVA analysis. Significant differences in image quality identified by radiologist 

Fig. 6  Best matched metrics
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assessment were mirrored in radiomic analysis of specific features, in particular the 
overall image score. There was no significant difference between the average scoring 
of image quality at the 180, 120 and 60 s bed times. However, we have suggested that 
there is a significant decline in image quality and hence clinical interpretability when 
bed times are reduced to 30 s. The liver region is used as a background region due to its 
uniform uptake, as well as being a quick and relative easy reference point. This makes it a 
useful metric to normalise uptake in other regions of interest throughout the body.

Fig. 7  a Original Curve: Cluster Prominence and b Inverted Curve: Cluster Prominence

Table 2  Prominence

Metric 30 s 1 min 2 min 3 min

SCALED

 Cluster prominence 0 0.785 0.945 1

 Complexity 0 0.627 0.922 1

 Autocorrelation 0 0.600 0.885 1

 High gray level Emphasis 0 0.596 0.884 1

UNSCALED

 Cluster prominence 6.083 × 105 1.639 × 107 1.961 × 107 2.070 × 107

 Complexity 1584 9559 13,310 14,299

 Autocorrelation 623 1995 2648 2911

 High gray level Emphasis 640 2061 2748 3025

Table 3  Feature

Radiomic feature % Decrease 180–30 s % Decrease 120–30 s % 
Decrease 
60–30 s

Cluster prominence 97.06 96.9 96.29

Complexity 88.92 88.1 83.43

Autocorrelation 78.59 76.47 68.77

High grey level Emphasis 78.84 76.71 68.94
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Although the scope of this study is limited due to the small sample size, this was 
intended to be a pilot study to test our hypothesis. The VGA was performed by one radi-
ology resident alone and was not asked to comment or evaluate specific pathologies that 
may be present. Going forward, increasing the number of radiologists to review images 
would be required. The inherent low spatial resolution of [18F] FDG-PET can itself lead 
to difficulties with analysis, especially textural analysis when compared with other imag-
ine modalities.

The identification of favourable radiomic metrics using our proposed technique, pro-
vides valuable insights for future research and clinical applications. These metrics serve 
as objective measures for assessing image quality and guiding optimization efforts in 
[18F] FDG-PET/CT imaging protocols. The proposed binary metric percentage reduc-
tion method offers a practical tool to classify images as acceptable or unacceptable based 
on predefined cut-off points. This highlights the potential of radiomics in streamlining 
image interpretation processes and enhancing diagnostic accuracy in clinical practice.

Conclusion
In this study we explore the identification and use of individual radiomic features as 
binary metrics of image quality. Our results show that a large percentage change in cer-
tain features can indicate a significant change in quality in clinically processed images.
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