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Abstract 

Purpose: In epilepsy pre-surgical evaluations, semi-automated quantitative analysis of Fluorine-18-

fluorodeoxyglucose (¹⁸F-FDG) brain PET complements visual assessment for localizing the seizure onset zone. 

This study evaluates how adjusting reconstruction parameters enhances quantitative accuracy, aiming to identify 

optimal configurations for reliable clinical decision-making.  

Materials and Methods: 234 reconstruction methods were applied to 18F-FDG brain PET images of a 47-year-

old male with focal epilepsy. The parameters encompassed the 3D-Ordered-Subset Expectation Maximization 

image reconstruction method, both with Resolution Recovery (RR) and without (non-RR), various numbers of 

iterations×subset (#it×sub), pixel sizes, and Gaussian filters. The accuracy errors were determined by the Relative 

Difference Percentage (RDP) in measured maximum standardized uptake value SUVmax and absolute Z-scores 

from all 234 reconstructed images, compared to reference values from the normal database reconstruction set as 

the benchmark 

Results: The study revealed that reconstructed images with 5 mm or 8 mm full width at half maximum (FWHM) 

Gaussian filters yielded RDP values above 5% for SUVmax and Z-scores, indicating potential inaccuracy with 

higher values of post-smoothing filters. The recommended reconstruction sets with RDP values below 5% for 

both RR and non-RR images were those with a 3 mm FWHM Gaussian filter and higher (#it×sub), specifically 

(5×21, 8×21), (5×21, 6×21), and (7×21, 8×21) for pixel sizes of 1.01 mm, 1.35 mm, and 2.03 mm, respectively. 

Conclusion: The findings underscore the significant impact of altering the image reconstruction sets on the 

SUVmax and Z-scores. Furthermore, the inconsistent fluctuations of Z-scores emphasize the importance of using 

standardized image reconstruction sets to ensure accurate and reliable quantitative outcomes in epilepsy pre-

surgical evaluations. 

Keywords: Positron Emission Tomography; Fluorine-18-fluorodeoxyglucose; Drug-Resistant Epilepsy, Image 

Reconstruction. 
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1. Introduction  

Epilepsy, characterized by unprovoked and 

recurrent seizures, is among the most prevalent 

neurological disorders, affecting approximately 46 

million people globally. It significantly impacts 

patients’ quality of life, particularly in resource-

limited settings [1-3]. The Task Force of the 

International League Against Epilepsy (ILAE) defines 

medical refractory, intractable, or Drug-Resistant 

Epilepsy (DRE) as patients who do not respond 

successfully to two or three pharmacological 

treatments with no specific reason [4, 5]. Surgical 

intervention might be a beneficial treatment method 

for DRE patients, which may reduce future seizure 

attacks and improve their overall health [5]. It is 

estimated that one in three 20–30% of all patients who 

have epilepsy are referred for surgical resection 

following pre-surgical Seizure Onset Zone (SOZ) 

localization procedures such as Video-

Electroencephalography (V-EEG) or Magnetic 

Resonance Imaging (MRI) of the brain [6, 7]. The 

VEEG is a gold standard test for seizure type 

classification [8], specifically for distinguishing 

patients with Psychogenic Non-Epileptic Seizures 

(PNES) who do not respond to medication, including 

25-40% of DRE patients. Surgery, particularly in 

patients with lesional temporal epilepsy, has 

demonstrated the best efficacy [9]. 

The post-surgical remission rate is also high in 

patients with non-lesional temporal lobe epilepsy [10]. 

At the same time, there is a high concordance of SOZ 

localization between Electroencephalography (EEG) 

and other imaging modalities such as Positron 

Emission Tomography (PET), Single-Photon 

Emission Computerized Tomography (SPECT), or 

mass spectrometry imaging (MSI). Moreover, if there 

is an agreement between Magnetic Resonance 

Imaging (MRI) and EEG in SOZ evaluations, 

neocortical focal epilepsy has demonstrated the 

highest response rate to surgical intervention [11]. 

However, SOZ localization by other modalities, such 

as PET, SPECT, or MSI, can lead to a remission rate 

higher than 50 percent [11]. If noninvasive procedures 

for SOZ locations remain inconclusive, invasive 

approaches such as intracranial electro-

Encephalography (iEEG) evaluations might be 

required [11]. When considering surgery as a 

treatment choice, it is essential to localize the 

epileptogenic spots accurately to achieve the best 

outcomes. Most patients with epilepsy disorder 

require a brain MRI to assess possible structural 

abnormalities. 

Regarding the benefits of MRI, such as higher 

sensitivity, better soft-tissue contrast, and spatial 

resolution compared to Computed Tomography (CT), 

it is currently the mainstay of neuroimaging in 

epilepsy disorders [12, 13]. However, reliable 

epileptogenic MRI evaluations require high expertise 

and sophisticated protocols not commonly available in 

less specialized centers [13]. Additionally, MRI 

generally detects brain atrophy in advanced stages of 

epilepsy, while functional changes may occur much 

earlier and can be identified using Fluorine-18-

Fluorodeoxyglucose (¹⁸F-FDG) brain PET imaging 

[14, 15]. For the last two decades, 18F-FDG PET 

imaging has been extensively used to evaluate the 

regional functional features of brain patients with 

seizure disorders, improving the SOZs localization [6, 

16], and as a supplement to structural imaging when 

they remain controversial and no conclusive results 

[17, 18]. The contribution of 18F-FDG PET to the 

localization of SOZ is vital to achieving successful 

resection surgery [19] because MRI or intracranial 

EEG might not be contributory in 15-30% of patients 

with refractory epilepsy [6, 7, 20]. 

Visual-based assessment is routinely used clinically 

to interpret 18F-FDG brain PET images and SOZ 

localization [21]. It not only depends on the 

knowledge and experience of the observer but also 

relies on the quality of the images, specifically where 

there is a subtle abnormal spot that could make it hard 

to distinguish [21, 22]. Using semi-automated 

quantitative analysis software is a supplementary 

approach to enhance accuracy and confidence in 

decision-making for localizing epileptogenic regions 

[23, 24].   

Brain metabolism quantification commonly 

employs two techniques: Region Of Interest (ROI) 

analysis and voxel-based analysis. These techniques 

can be employed together or independently, 

depending on the specific research or clinical needs 

[25]. The voxel-wise statistics method involves the 

automated alignment of brain scans with a specific 

template for voxel or pixel-based sampling [26]. It is 

crucial to mention that achieving accurate localization 
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of intricate brain structures strongly relies on image 

quality [27], which can be significantly influenced by 

image reconstruction parameters. Moreover, the 

accuracy of the quantitative values obtained from the 

software can be affected by various factors, including 

image reconstruction sets [28, 29]. The iterative 

method is commonly used for solving problems that 

require optimization. It works by performing a series 

of steps that gradually improve the match between the 

measured data (projections) and the estimated 

reconstruction. In image reconstruction, some 

methods process smaller groups of projections (called 

subsets) in each step. One widely used algorithm in 

this category is the Ordered Subset Expectation 

Maximization (OSEM), which is highly popular due 

to its effectiveness [30]. 

This study explores the impact of altering these sets 

on the quantitative values provided by the software. 

To this aim, the OSEM reconstruction methods with 

resolution recovery (RR) and without (non-RR) were 

implemented on the images. Various parameters such 

as the size of Gaussian filters (used to smooth images 

by reducing the noise) [31], number of 

iterations×subset (#it×sub), and different pixel sizes 

were systematically analyzed to evaluate their effect 

on quantitative results, including the maximum 

standardized uptake value (SUVmax) and Z-scores. 

SUVmax was chosen because it shows the highest level 

of activity in a region, making it better for detecting 

small or specific abnormalities. Unlike SUVmean, 

which provides an average value that can be 

influenced by the clinician’s expertise in defining the 

region of interest, SUVmax is less dependent on precise 

contouring. Additionally, SUVmean can miss important 

details in areas with mixed activity. For this study, 

focusing on precise and localized abnormalities was 

essential, so SUVmax was selected. 

Our hypothesis was based on the idea that the semi-

automated quantitative analysis of 18F-FDG brain PET 

images, used in the presurgical evaluations of DRE 

patients, might be influenced by the image 

reconstruction parameters. 

We aimed to investigate whether modifying 

common image reconstruction settings could 

significantly impact the SUVmax and Z-scores. To 

evaluate this, we compared the results obtained with 

these altered settings to the values provided by the 

image reconstruction set used by the software’s 

normal database, which we considered the reference. 

This study introduces a novel approach to 

optimizing 18F-FDG brain PET imaging for precise 

Seizure Onset Zone (SOZ) localization in DRE. By 

systematically assessing how image reconstruction 

parameters—such as Gaussian filter size, pixel size, 

and iterative settings—affect quantitative metrics like 

Z-scores and SUVmax, it highlights the significant 

impact of these settings on diagnostic accuracy. The 

findings provide valuable recommendations for 

improving PET imaging reliability in pre-surgical 

assessments, ultimately enhancing clinical outcomes 

for DRE patients. 

2. Materials and Methods  

2.1. Patient’s Characteristics and Imaging 

Procedure 

This preliminary study seeks to highlight an issue 

that requires further investigation. The current study 

delves into the influence of image reconstruction 

configurations on quantitative metrics within cerebral 

PET images, a critical facet for precise preoperative 

assessments among individuals with DRE. This cross-

sectional retrospective study examined the patient’s 
18F-FDG brain image of a patient, acquired using a 

Biograph Truepoint PET/CT scanner (Siemens 

Healthcare, Erlangen, Germany). We utilized an 18F-

FDG brain PET image of a 47-year-old male patient 

with refractory epilepsy. The image shows a hypo 

metabolism spot in his Left Frontal Lobe (LFL). 

Informed consent had been obtained from the 

participant, and the ethics approval code was 

IR.SSU.MEDICINE.REC.1395.293.  

The PET images were attenuation-corrected using 

low-dose CT images (130 kV, 90 mAs). It is worth 

noting that systematic patient preparation and careful 

head positioning, aimed at minimizing motion 

artifacts, significantly impacted the image quality and 

subsequent quantitative results. Consequently, all 

necessary measures to minimize systematic errors 

were carefully employed. 370 MBq 18F-FDG was 

administered to the patient, who had to rest for 40 

minutes in a dimly lit room, and a 10-minute PET/CT 

brain protocol acquisition was implemented. The 

standard reconstructed image matrix was 336 × 336, 
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with a 1.08 mm size of pixel size and 3 mm slice 

thickness.  

To obtain brain images of satisfactory quality, we 

followed a precise brain protocol. We employed two 

iterative reconstruction methods: one with resolution 

recovery, referred to as RR (Resolution Recovery) 

images, and another without resolution recovery, 

referred to as non-RR images. In this context, we 

examined three different sizes of Gaussian filters: 3, 5, 

and 8 mm full width at half maximum (FWHM). 

Additionally, we explored combinations of iterations 

(it) and subsets (sub), including 1, 2, 3, 4, 5, 6, 7, and 

8 iterations with 8, 16, and 21 subsets. In addition, 

three distinct pixel sizes—1.01 mm, 1.35 mm, and 

2.03 mm—were employed during the reconstruction 

process. In total, 234 reconstruction sets were applied 

to the 18F-FDG brain image. Table 1 summarizes the 

investigated reconstruction sets with various numbers 

of iterations and subsets, post-smoothing Gaussian 

filters, and PET image pixel sizes in RR and non-RR 

image reconstruction methods. 

Quantitative analyses were conducted using 

Scenium software (Siemens CTI molecular imaging, 

Knoxville, TN, USA), a semi-automated tool for 

quantitative brain analysis. The software generated 

statistical color-coded images displaying Z-score 

values, representing the number of standard deviations 

from the mean. Additionally, Scenium provided 

measurements such as SUVmax, minimum 

standardized uptake value (SUVmin), mean 

standardized uptake value (SUVmean), and related 

standard deviations. Furthermore, the software 

provided seven normal brain databases, each varying 

in terms of scanner types, reconstruction parameters, 

and age ranges of participants. Given that the patient 

underwent 18F-FDG brain PET imaging using the 

Biograph Truepoint PET/CT scanner, we specifically 

utilized three categories of the software's normal 

databases provided by this scanner. These categories 

possess the following distinct characteristics: 

1) Thirty-three normal individuals (ages 46 to 79) 

were scanned with the Biograph Truepoint PET/CT 

scanner, employing three-dimensional Ordered Subset 

Expectation Maximization (OSEM3D) 

reconstruction, normalization based on whole brain 

structures, and a 12 mm FWHM Gaussian filter.  

2) Thirty-three normal individuals (ages 46 to 79) 

were scanned with the Biograph Truepoint PET/CT 

scanner, employing OSEM3D-RR reconstruction, 

normalization based on whole brain structures, and a 

12 mm FWHM Gaussian filter.  

3) Thirty-eight normal cases (ages 19 to 44) were 

scanned with the Biograph Truepoint PET/CT 

scanner, employing OSEM3D reconstruction and 

normalization based on whole brain structures without 

a smoothing filter. 

Considering the patient's age range, we 

implemented the first two groups of the above 

databases as normal 18F-FDG brain PET templates. 

Two categories of iterative OSEM3D reconstruction 

parameters were applied for normal databases 

presented by the software, which we considered as a 

reference to assess and compare the quantitative 

results, including Z-scores and SUVmax: 

1) For non-RR OSEM3D: 336 × 336 Matrix, zoom 

2, 6 iterations, 21 subsets, 3 mm FWHM post-

smoothing Gaussian filter. 

In non-RR OSEM3D reconstruction, a lower 

number of iterations was applied to mitigate noise 

amplification, ensuring optimal signal-to-noise ratio 

and quantitative accuracy [32]. 

2) For RR OSEM3D: 336 × 336 Matrix, zoom 2, 8 

iterations, 21 subsets, 3 mm FWHM post-smoothing 

Gaussian filter. 

Table 1. Summary of investigated reconstruction parameters 

Resolution 

Recovery  

 Gaussian Filter 

(mm) 

 Iteration and Subsets 

Combinations (it×sub) 

 Pixel Size 

(mm) 

RR  3  1×8 2×16 2×21  1.01 

non-RR  5  2×8 5×16 3×21  1.35 

  8  3×8  4×21  2.03 

    7×8  5×21   

      6×21   

      7×21   

      8×21   
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In addition, the Z-score values were calculated by 

(Equation 1) as presented in the supplementary [33]. 

2.1. Software's Quantification Procedure  

2.1.1. Fusion to the Supporting CT Images 

In conjunction with functional PET images, the 

supporting CT images play an important role in 

distinguishing closely located abnormalities and 

identifying their precise location. Since both the 

functional and anatomical scans are from the same 

patient, there is no need for stretching or deforming 

either scan. An experienced physician aligned the 

images for more accurate comparison and analysis. 

The process involves identifying landmarks within 

the images and performing rigid registration of the 

functional and anatomical scans. 

2.1.2. Fusion to the Normal Brain 

The software's standard ROIs were defined based 

on a normal brain template. To align the patient's 

PET/CT image and its corresponding normal database 

human brain 'atlas', known as Talairach, A landmark 

registration method, validated by an expert physician, 

was employed. As a result, the ROIs were established 

on the patient's 18F-FDG brain PET image. Precise 

image fusion was crucial for accurately localizing the 

ROIs and ensuring reliable analytical outputs.  

2.1.3. Providing and Comparing the 

Quantitative Results 

The following steps above obtained quantitative 

results for 134 brain regions using the software. 

Specifically, we evaluated the Z-scores and SUVmax of 

the patient's LFL, which served as the abnormal hypo-

metabolism brain region. To compare the quantitative 

results from different image reconstruction sets, we 

used reference values from images reconstructed with 

the standard parameters of the software's normal 

databases. The relative difference percentage (RDP) 

of SUVmax was calculated using Equation 2. 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 =  
| 𝑎−𝑏 | ×100

𝑏
 (2) 

Where a and b are the measured and reference 

quantities, respectively.  It should be noted that RDP 

values below 5 percent were considered acceptable in 

this study. 

3. Results  

All the investigated reconstruction parameters with 

calculated RDP values of SUVmax and Z-score 

compared with reference in RR and non-RR OSEM3D 

image reconstruction sets are presented in 

supplementary Tables A.2, A.3, and A.4. Using the 

non-RR reference image reconstruction set (6i21s, 3 

mm FWHM Gaussian filter, and 1.01 mm pixel size), 

the SUVmax and Z-score values were measured as 

18.15 and -2.9, respectively. Furthermore, for the RR 

image reconstructed using the reference 

reconstruction set (8i21s, 3 mm FWHM Gaussian 

filter, and 1.01 mm pixel size), the SUVmax and Z-

score values were measured as 20.83 and -2.7, 

respectively. 

Figure 1 displays the patient’s SUV images, 

highlighting the influence of various (#it×sub) with a 

3 mm FWHM post-smoothing Gaussian filter on RR 

and non-RR images with pixel sizes of 1.01 mm. 

Moreover, Figure 2 shows two 3D-stereotactic surface 

projections (3D-SSPs) [33, 34] of Z-Score images 

reconstructed using the reference setting (6i21s, 3 mm 

FWHM Gaussian post-smoothing filter and 1.01 mm 

pixel size) and an alternative reconstruction setting 

(8i21s, 3 mm FWHM Gaussian post-smoothing filter 

and 1.01 mm pixel size). 

𝑍_𝑠𝑐𝑜𝑟𝑒 =
𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 − 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 𝑚𝑒𝑎𝑛

𝑐𝑜𝑛𝑡𝑟𝑜𝑙 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛
 (1) 

 

Figure 1. 18F-FDG brain PET images with different image 

reconstruction sets with a 3 mm FWHM post-smoothing 

Gaussian filter and pixel sizes of 1.01 mm. The non-RR 

OSEM3D Images (Up row) and RR OSEM3D images 

(Bottom row).*: Reconstructed image with reference 

reconstruction set 
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Figure 3 presents an overview of the SUVmax 

obtained from various image reconstruction settings 

compared to the reference values derived from the 

normal database reconstruction set used as the 

benchmark for RR and non-RR images.   

Figures 4 and 5 display the heatmaps of RDP values 

for SUVmax and Z-score calculated for reconstructed 

PET images using different settings. The heatmaps 

illustrate RDP values as a grid of colored squares, 

plotted against pixel size, Gaussian filter, and 

(#it×sub) variables. 

4. Discussion 

PET imaging is a widely utilized functional 

imaging modality for the pre-surgical assessment of 

DRE patients [34, 35]. In interictal periods, the 

epileptogenic regions in 18F-FDG brain PET images 

exhibit reduced glucose metabolism [36]. The widely 

used visual assessment of images in clinical centers 

 

Figure 2. Patient’s 3D-stereotactic surface projections z-

score of nonRR-OSEM3D images reconstructed by (a) 

reference reconstruction settings (6i21s, 3 mm FWHM 

Gaussian post smoothing filter, and 1.01 mm pixel size) and 

(b) different reconstruction settings of 8i21s, 1.01 mm pixel 

size, and 8 mm FWHM Gaussian post-smoothing filter 

 

 

Figure 3. SUVmax is derived from the patient’s 18F-FDG 

brain PET image data. GN: Gaussian filter with N mm 

FWHM. PS: Pixel Size (mm). Reference value derived from 

the normal database reconstruction set used as the 

benchmark 

 

Figure 4. The relative difference percentage value of 

SUVmax in various image reconstruction sets in (a) non-RR 

OSEM3D image reconstructions with the green box as the 

reference (6i21s, 3 mm FWHM and pixel size= 1.01 mm), 

(b) RR OSEM3D image reconstructions with the green box 

as the reference (8i21s, 3 mm FWHM and pixel size= 1.01 

mm). GN: Gaussian filter with N mm FWHM. PS: pixel size 

(mm). All values are rounded to the nearest five percent 

 

Figure 5. The relative difference percentage value of Z-

Scores in various image reconstruction sets in (a) non-RR 

OSEM3D image reconstructions with the green box as the 

reference (6i21s, 3 mm FWHM, and pixel size= 1.01 mm) 

(b) RR OSEM3D image reconstructions with the green box 

as the reference (8i21s, 3 mm FWHM, and pixel size= 1.01 

mm). GN: Gaussian filter with N mm FWHM. PS: pixel size 

(mm). All values are rounded to the nearest five percent 
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heavily relies on the physician's expertise and clinical 

diagnostic experience, which can significantly 

influence the identification of suspected zones [37]. 

Misinterpretation of pre-surgical evaluations in 

patients with DRE can lead to serious consequences, 

including omitting critical follow-up assessments or 

unnecessarily repeating medical evaluations, thereby 

imposing substantial costs on the patient while they 

continue to endure debilitating seizures. Furthermore, 

delays in surgical intervention can increase the disease 

burden and elevate the risks of morbidity and 

mortality, particularly when resective surgery is 

indicated [38]. Therefore, it is crucial to use 

quantitative methods to provide a more dependable 

diagnosis for the localization of SOZs [23]. However, 

integration of these advanced techniques in everyday 

clinical practice can be challenging, especially in less 

specialized centers. Limited access to the necessary 

tools and expertise makes their routine use difficult. 

To address this, there is a pressing need for enhanced 

training, standardized protocols, and access to 

advanced software for image reconstruction and 

analysis. Overcoming these barriers could make PET 

imaging more accurate and effective for presurgical 

evaluations in DRE patients. This study aimed to 

assess the impact of various image reconstruction 

parameters on the quantification of 18F-FDG brain 

PET, focusing on the variability of Z-scores and 

SUVmax. 

The accurate identification of abnormal regions can 

be affected by image quality, which heavily depends 

on the choice of reconstruction methods and 

parameters, as shown in Figure 1. The OSEM image 

reconstruction algorithm was selected for its ability to 

produce higher-quality images with an improved 

signal-to-noise ratio (SNR) and reduced streak 

artifacts, particularly in cases of PET images with poor 

statistical data [39, 40]. However, excessively high or 

low values for (#it×sub) can introduce noise and 

artifacts that negatively impact the quality of the 

reconstructed image [39, 41, 42]. Moreover, 

resolution recovery techniques in image 

reconstruction have demonstrated their ability to 

enhance image quality by optimizing spatial 

resolution, boosting image contrast, and lowering 

noise. Therefore, it can lead to greater diagnostic 

accuracy, better delineation of anatomical structures, 

and more reliable quantitative analyses across various 

medical imaging applications [43].  

Figure 2 shows the substantial impact of image 

reconstruction sets on statistical color-coded images, 

which provide Z-score values. It is essential to 

emphasize the impact of deviations from the reference 

reconstruction settings, as they can lead to the 

exclusion of subtle abnormal regions from subsequent 

evaluations. In Figure 3, the SUVmax of images 

reconstructed using a 3 mm FWHM Gaussian filter 

and varying pixel sizes closely approximated the 

reference SUVmax for both RR and non-RR images. 

However, as the Gaussian filter size increased, these 

values progressively deviated from the reference 

quantities. Additionally, SUVmax derived from RR 

images was consistently higher than that from non-RR 

images. 

As illustrated in Figure 4, increasing (#it×sub) in 

non-RR and RR OSEM3D image reconstruction sets 

reduced SUVmax fluctuations across different pixel 

sizes and post-smoothing Gaussian filters. Moreover, 

as demonstrated in Figure 4a, variations in SUVmax, 

associated with cells corresponding to the 3 mm 

FWHM Gaussian filter, remained within an acceptable 

error level (<5%) even when applying higher (#it×sub) 

than the reference level. Additionally, findings from 

Table A2 indicate that for non-RR images, RDP 

SUVmax values remained within the acceptable range 

(<5%) when (#it×sub) values were ≥32. For RR 

images, this threshold increased to (#it×sub) values 

≥80. However, increasing the FWHM value of the 

post-smoothing Gaussian filters caused RDP values to 

exceed the ±5% range, indicating potential 

inaccuracies. Tables A3 and A4 further show that all 

reconstruction sets employing a 5 mm or 8 mm 

FWHM Gaussian filter exhibited RDP values 

exceeding 5% for SUVmax across all pixel sizes in both 

non-RR and RR images. These findings highlight the 

adverse effects of excessively increasing the 

smoothing filter size. 

Figure 4b demonstrates that applying resolution 

recovery during the reconstruction process maintains 

SUVmax variations within acceptable error levels, 

similar to non-RR images, but at higher (#it×sub) 

values. For instance, when reconstructing images with 

a pixel size of 1.01 mm, the RDP value of SUVmax 

remained below 5% at (#it×sub) values of 32 and 80 

for non-RR and RR images, respectively. However, 

increasing the pixel size to 2.03 mm shifted these 

values to 42 and 56, respectively. As illustrated in 
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Figure 4, image reconstruction sets using 5 mm and 8 

mm FWHM Gaussian filters should not be considered, 

regardless of the iterations, subsets, or pixel sizes. 

Conversely, reconstruction sets with a 3 mm FWHM 

Gaussian filter displayed acceptable SUVmax error 

levels across all three pixel sizes when (#it×sub) 

values exceeded 32 for non-RR images and 56 for RR 

images. 

As shown in Figure 5, error levels generally 

decreased in non-RR image reconstruction sets when 

smaller FWHM values of Gaussian filters were 

combined with higher (#it×sub) values. In contrast, the 

RDP values of Z-scores in RR images did not 

demonstrate regular or consistent patterns with 

increasing iterations and subsets (#it×sub), as 

illustrated in Figure 5.b. Z-scores are among the most 

critical quantitative metrics, particularly for 

identifying group abnormalities or performing 

longitudinal studies. The weaker correlation for the 

relative difference of Z-scores happens because Z-

scores are more sensitive to small changes in 

reconstruction settings and noise. Unlike SUVmax, 

which measures peak activity, Z-scores compare voxel 

activity to a normal database. This process can amplify 

small variations, especially in non-RR reconstructions 

where noise is higher. Additionally, the way Z-scores 

are normalized can cause inconsistencies, leading to 

less clear patterns in the heatmap. When localizing 

SOZs using 18F-FDG brain PET images, even slight 

biases in Z-scores can significantly impact 

evaluations. These biases may lead to false positives 

or false negatives in identifying epileptogenic sites, 

resulting in either the exclusion of suspected 

hypometabolism zones from further preoperative 

evaluations or the incurrence of unnecessary costs for 

ineffective assessments. Z-scores below -2 indicate 

abnormal hypometabolism zones, potentially 

signifying SOZs, while Z-scores above -2 represent 

normal regions. Slight deviations across this threshold 

can severely affect outcomes, particularly in 

evaluations conducted by individuals with limited 

experience or expertise. 

Given the critical role of accurate Z-scores in SOZs 

localization, our findings underscore the importance 

of using reconstruction parameters aligned with those 

provided in the software's normal database. This is 

especially pertinent when resolution recovery 

techniques are applied, ensuring reliable and precise 

preoperative evaluations. 

A notable observation was the significantly lower 

number of acceptable reconstruction sets (RDP values 

of SUVmax < 5%) in RR images compared to non-RR 

images. For non-RR images, increasing the pixel size 

led to an increase in acceptable reconstruction sets 

from 46% to 70% of the total. In contrast, for RR 

images, the proportion decreased from 38% to 30%. 

Importantly, none of the reconstructed images using 

5 mm or 8 mm FWHM Gaussian filters achieved RDP 

values of less than 5% for both SUVmax and Z-scores. 

These findings indicate that using 5 or 8 mm FWHM 

post-smoothing Gaussian filters does not yield 

accurate measurements. 

The only (#it×sub) sets with RDP values below 5% 

for both SUVmax and Z-scores in RR and non-RR 

images were obtained exclusively with the 3 mm 

Gaussian filter. These acceptable sets included (5×21, 

8×21), (5×21, 6×21), and (7×21, 8×21) for pixel sizes 

of 1.01 mm, 1.35 mm, and 2.03 mm, respectively. 

Previous studies have looked at how reconstruction 

settings affect PET images, especially in cancer and 

brain studies. Yan et al. (2015) found that changes in 

reconstruction settings impact features like texture in 

PET images, which is similar to our findings on 

SUVmax and Z-scores. However, while their study 

focused on cancer imaging, our research looks at 

epilepsy, specifically how these settings affect seizure 

onset zone localization in epilepsy evaluations [28]. 

In addition, Kuntner and Stout (2014) discussed 

how important it is to balance noise and resolution in 

PET imaging for research, which matches our finding 

that reconstructions with fewer iterations have lower 

noise but less detail. Our study builds on this by 

offering recommendations for reconstruction settings 

in clinical epilepsy imaging, stressing the need for 

standardized protocols to improve diagnosis accuracy 

[44]. 

As of December 2024, our comprehensive search 

using the keywords "Drug Resistant Epilepsy", 

"Image Reconstruction", "PET", and "Epilepsy" in 

papers’ titles yielded no other relevant studies. This 

study provides a novel approach to optimizing 18F-

FDG brain PET imaging for the precise localization of 

SOZs in patients with DRE. By systematically 

evaluating the impact of various image reconstruction 
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parameters—such as Gaussian filter size, pixel size, 

and iterative reconstruction settings—on quantitative 

measures like Z-scores and SUVmax, this research 

offers new insights into how to improve the accuracy 

of PET imaging for pre-surgical assessments. The 

findings highlight that deviations from standard 

reconstruction settings can significantly affect 

diagnostic accuracy, which is crucial for clinical 

decision-making. This work contributes to a better 

understanding of the impact of reconstruction methods 

and provides recommendations for enhancing the 

reliability of PET imaging, ultimately improving 

patient outcomes by ensuring more accurate 

localization of SOZs. 

4.1. Study Limitation 

Although this is a preliminary study, addressing its 

limitations can improve the quality of our work. First, 

the study relied on data from a single patient, which 

may not fully represent the diverse cases encountered 

in clinical practice. Second, the use of Scenium 

software for quantitative analysis introduces the 

potential for software-specific biases. Different 

software tools in the field may utilize distinct 

algorithms and reconstruction methods, potentially 

leading to varying results. Additionally, future studies 

could investigate the impact of different PET scanner 

models or imaging protocols on reconstruction results. 

While this study focused on DRE, exploring the 

applicability of these methods to other conditions, 

such as Alzheimer’s disease, Parkinson’s disease, or 

traumatic brain injury, could further enhance their 

relevance and utility. 

5. Conclusion 

Quantitative analysis of 18F-FDG brain PET images 

is commonly used for precise localization of the SOZs. 

However, it is crucial to ensure that the image 

reconstruction parameters align with the normal 

database reference set to achieve accurate quantitative 

results, particularly Z-scores. Any deviations from this 

reference can significantly impact the clinical 

interpretation of the results. Misinterpretation of pre-

surgical evaluations in DRE can lead to missed follow-

ups, unnecessary costs, and delays in surgery, 

ultimately increasing patient risks. Therefore, it is 

essential to exercise caution when using parameters 

other than those in the benchmark reconstruction set 

to ensure improved accuracy in quantitative outcomes. 
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Table A2. Calculated relative difference percentage of Z-Scores and SUVmax against the reference values. The 336×336 

matrix size and 3 mm FWHM Gaussian filter were used for all reconstructions. ∆: relative difference 

non-RR RR Pixel size 

(mm) 
#iteration×subsets 

∆SUVmax ∆Z-scores ∆SUVmax ∆Z-scores 

21.87% 10.94% 32.41% 0.00% 1.01 1×8 

10.36% 4.14% 17.95% 14.82% 1.01 2×8 

6.28% 10.34% 12.58% 7.41% 1.01 3×8 

4.02% 10.79% 10.66% 0.00% 1.01 2×16 

3.80% 0.00% 9.70% 14.82% 1.01 2×21 

1.49% 3.45% 5.14% 7.41% 1.01 7×8 

1.21% 3.45% 5.14% 0.00% 1.01 3×21 

0.88% 0.00% 1.63% 7.41% 1.01 5×16 

1.10% 0.00% 3.07% 11.11% 1.01 4×21 

0.61% 6.90% 1.68% 0.00% 1.01 5×21 

0.00% 0.00% 0.38% 7.41% 1.01 6×21 

0.17% 0.00% 0.05% 7.41% 1.01 7×21 

0.33% 0.10% 0.00% 0.00% 1.01 8×21 

21.98% 10.34% 32.41% 3.70% 1.35 1×8 

10.19% 4.22% 18.29% 18.52% 1.35 2×8 

7.66% 3.45% 12.82% 7.41% 1.35 3×8 

5.07% 10.34% 10.75% 11.11% 1.35 2×16 

3.64% 3.45% 10.08% 3.70% 1.35 2×21 

1.82% 0.00% 6.10% 7.41% 1.35 7×8 

1.60% 3.45% 5.81% 11.11% 1.35 3×21 

0.44% 3.45% 2.64% 7.41% 1.35 5×16 

2.09% 6.90% 3.36% 18.52% 1.35 4×21 

1.98% 3.45% 2.35% 3.70% 1.35 5×21 

1.27% 1.50% 1.78% 3.70% 1.35 6×21 

0.99% 0.00% 1.63% 14.82% 1.35 7×21 

0.17% 0.00% 0.91% 11.11% 1.35 8×21 

21.54% 3.45% 32.36% 11.11% 2.03 1×8 

10.36% 4.14% 18.15% 14.82% 2.03 2×8 

5.56% 10.94% 12.39% 11.11% 2.03 3×8 

5.23% 0.00% 10.03% 11.11% 2.03 2×16 

4.79% 0.00% 8.59% 3.70% 2.03 2×21 

2.26% 6.90% 4.99% 3.70% 2.03 7×8 

4.08% 6.90% 4.66% 7.41% 2.03 3×21 

3.09% 3.45% 1.63% 14.82% 2.03 5×16 

3.09% 3.45% 2.11% 11.11% 2.03 4×21 

0.22% 1.50% 0.58% 11.11% 2.03 5×21 

0.06% 1.50% 0.91% 7.41% 2.03 6×21 

0.11% 0.00% 0.58% 3.70% 2.03 7×21 

0.83% 0.10% 0.24% 3.70% 2.03 8×21 
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Table A3. Calculated relative difference percentage of Z-Scores and SUVmax against the reference values. The 336×336 

matrix size and 5 mm FWHM Gaussian filter were used for all reconstructions. ∆: relative difference 

non-RR RR Pixel size 

(mm) 
#iteration×subsets 

∆SUVmax ∆Z-scores ∆SUVmax ∆Z-scores 

24.85% 10.34% 33.94% 14.82% 1.01 1×8 

14.77% 4.14% 22.42% 18.52% 1.01 2×8 

12.29% 10.79% 17.76% 14.82% 1.01 3×8 

11.68% 3.00% 15.94% 7.41% 1.01 2×16 

10.96% 10.94% 16.37% 7.41% 1.01 2×21 

9.15% 10.34% 14.21% 11.11% 1.01 7×8 

9.64% 6.90% 13.83% 0.00% 1.01 3×21 

8.76% 6.90% 12.00% 3.70% 1.01 5×16 

9.31% 3.45% 13.06% 3.70% 1.01 4×21 

9.04% 10.34% 12.63% 11.11% 1.01 5×21 

9.04% 6.90% 11.57% 3.70% 1.01 6×21 

9.15% 1.50% 11.19% 7.41% 1.01 7×21 

9.20% 1.50% 10.95% 11.11% 1.01 8×21 

25.12% 3.45% 33.94% 3.70% 1.35 1×8 

15.37% 10.34% 22.90% 14.82% 1.35 2×8 

12.45% 10.79% 18.29% 11.11% 1.35 3×8 

11.96% 3.00% 16.32% 14.82% 1.35 2×16 

11.24% 10.34% 16.61% 7.41% 1.35 2×21 

10.19% 3.45% 14.88% 0.00% 1.35 7×8 

10.41% 6.90% 15.51% 14.82% 1.35 3×21 

9.70% 3.45% 12.43% 7.41% 1.35 5×16 

9.97% 6.90% 13.59% 18.52% 1.35 4×21 

9.81% 2.00% 12.67% 7.41% 1.35 5×21 

9.59% 3.45% 11.43% 18.42% 1.35 6×21 

9.53% 1.50% 12.05% 11.11% 1.35 7×21 

9.70% 1.50% 11.52% 7.41% 1.35 8×21 

24.57% 6.90% 33.75% 14.82% 2.03 1×8 

14.82% 10.79% 22.71% 7.41% 2.03 2×8 

11.90% 3.45% 18.05% 3.70% 2.03 3×8 

11.96% 10.34% 15.79% 11.11% 2.03 2×16 

10.74% 6.90% 16.42% 3.70% 2.03 2×21 

9.37% 10.94% 4.99% 3.70% 2.03 7×8 

9.59% 3.45% 14.02% 7.41% 2.03 3×21 

9.04% 6.90% 11.81% 14.82% 2.03 5×16 

8.98% 6.90% 12.96% 3.70% 2.03 4×21 

8.71% 4.27% 11.71% 11.11% 2.03 5×21 

8.43% 6.90% 11.38% 11.11% 2.03 6×21 

8.98% 0.20% 11.19% 7.41% 2.03 7×21 

9.09% 0.20% 10.90% 11.11% 2.03 8×21 
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Table A4. Calculated relative difference percentage of Z-Scores and SUVmax against the reference values. The 336×336 

matrix size and 8 mm FWHM Gaussian filter were used for all reconstructions. ∆: relative difference 

non-RR RR Pixel size 

(mm) 
#iteration×subsets 

∆SUVmax ∆Z-scores maxSUV ∆ ∆Z-scores 

22.87% 10.90% 36.97% 18.52% 1.01 1×8 

22.87% 10.90% 25.83% 11.11% 1.01 2×8 

20.77% 8.14% 26.93% 0.00% 1.01 3×8 

19.01% 10.90% 25.49% 14.82% 1.01 2×16 

19.72% 10.90% 25.83% 3.70% 1.01 2×21 

19.17% 10.34% 25.54% 11.11% 1.01 7×8 

18.84% 6.90% 25.68% 18.66% 1.01 3×21 

18.73% 4.14% 25.01% 7.41% 1.01 5×16 

18.40% 10.79% 25.59% 11.11% 1.01 4×21 

18.40% 4.14% 25.25% 18.66% 1.01 5×21 

18.29% 6.90% 25.01% 7.41% 1.01 6×21 

18.46% 10.79% 24.92% 18.66% 1.01 7×21 

18.40% 10.79% 24.96% 7.41% 1.01 8×21 

28.32% 7.00% 37.06% 19.63% 1.35 1×8 

22.98% 7.45% 30.68% 3.70% 1.35 2×8 

20.94% 10.90% 27.56% 11.11% 1.35 3×8 

19.83% 10.90% 25.97% 18.52% 1.35 2×16 

19.78% 7.45% 26.12% 11.11% 1.35 2×21 

19.17% 10.34% 25.68% 3.70% 1.35 7×8 

18.90% 10.34% 25.97% 7.41% 1.35 3×21 

18.84% 10.94% 25.40% 0.00% 1.35 5×16 

18.35% 10.34% 25.83% 18.66% 1.35 4×21 

18.35% 4.25% 25.30% 0.00% 1.35 5×21 

18.57% 10.94% 25.11% 7.41% 1.35 6×21 

18.13% 6.90% 25.01% 7.41% 1.35 7×21 

18.24% 10.94% 24.96% 3.70% 1.35 8×21 

28.15% 10.90% 37.06% 14.82% 2.03 1×8 

22.64% 10.90% 30.92% 0.00% 2.03 2×8 

20.94% 7.45% 27.56% 11.11% 2.03 3×8 

19.67% 10.90% 25.97% 18.52% 2.03 2×16 

19.94% 7.45% 26.31% 0.00% 2.03 2×21 

19.39% 6.90% 25.59% 18.66% 2.03 7×8 

19.06% 6.90% 25.64% 3.70% 2.03 3×21 

18.79% 10.34% 24.92% 14.82% 2.03 5×16 

18.73% 10.79% 25.54% 17.00% 2.03 4×21 

18.62% 10.34% 24.92% 3.70% 2.03 5×21 

18.57% 10.34% 24.77% 14.00% 2.03 6×21 

18.57% 10.34% 24.68% 11.11% 2.03 7×21 

18.51% 6.90% 24.72% 18.42% 2.03 8×21 
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