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Abstract

Purpose: To develop a novel radiomic quantification framework to quantify the impact

of image resampling and discretization on radiomic texture characterization performance.

Methods: The study employed 251 CT scans of a Credence Cartridge phantom
(consisting of 10 texture materials) with different image acquisition parameters. Each material
was segmented using a pre-defined cylindrical mask. Different image pre-processing workflows
including 5 resampling methods (no resampling, trilinear, and nearest resampling to both 1mm?
and 5mm?®) and 8 discretization methods (fixed bin size of 25,50,75,100 and fixed bin counts of
8,16,32,64) were randomly applied. 75 radiomic texture features (including 24GLCM-based,
16GLRLM-based, 16GLSZM-based, 14GLDM-based, and SNGTDM-based) were extracted from
each material to characterize its textural attributes. Three machine learning models including
logistic regression (LR), random forest (RF), and supporting vector machine (SVM) were
developed to identify 10 materials based on the extracted features, and grid search was adopted to
optimize the model hyperparameters. The model performance was evaluated on 10-class macro-

AUC with 5-fold cross-validation.

Results: Three models successfully classified 10 materials with macro-
AUC=0.9941+0.0081, 0.9979+0.0040, and 0.9957+0.0067 for LR, RF, and SVM, respectively.
Across 8 different discretization methods, an increasing trend in performance can be observed
when the original CT was discretized to a larger gray level range: performance improved by
0.0038 with bin sizes decreasing from 100-25, and by 0.0074 with bin counts increasing from 8 to
64. Among 5 resampling methods, resampling CT to an isotropic voxel spacing showed an

improved prediction performance (0.9942+0.0075/0.9944+0.0073 for trilinear/nearest resampling

v



to Imm?® and Smm?, respectively) over no interpolation (0.9862+0.0228), with minimal
performance discrepancies observed among two different interpolation algorithms. In addition, no

statistically significant differences were observed across five folds.

Conclusion: The proposed framework successfully quantified the dependence of

radiomics texture characterization on image resampling and discretization.



Contents

ADSITACT ...ttt ettt e eh et bt sttt ettt bttt ea b e e bbbt ente e v
LISt OF TADIES ...ttt ettt e st ettt st es viii
LSt OF FIGUIES ..cvietieitieieetieiieet ettt ettt ettt ettt e et e st e e saeenbeenteeseesseanseesseenseessesnsesnsesseenseenseens ix
LiSt Of ADDIEVIALIONS .....euteiiiitiiiietet ettt ettt sttt eat et st e bttt eaeesae b besbeeae e e eneeee iX
ACKNOWIEAGEIMENLS.......ovieiiieieceiest ettt et ete ettt et e steesteesaesste st essaeseenseesseensesnnesssennean xi
L. INEEOAUCTION. ...ttt ettt et ettt et e st et et e bt ebeeseembebesbeebeebeenbeneesaen 1

1.1 BACKEIOUNM ...ttt ettt sttt ettt ettt s e ae e 1

1.2 Limitations for Current Radiomics Studies and Applications.........cccceeeveevververrerseesensuennns 4

1.3 Previous Studies to Examine the Impact of Imaging Discretization and Resampling on

TeXture CharaCteriZAtION .......coovertirterteeeettetete ettt st ettt et st te et e e et et e e s et et eneentenbeeee 5

1.4 Purpose of this r€SEarch..........ccieviiiiiiiiieieceece et 7

2. Methods and Materials.........co.eieeierierieie ettt ettt st bbb e s se e eb ettt e e nes 8
2.1 MALEIIAL ..ottt ettt ettt et sttt et sttt sttt e e et eaee 9
2.2 ROI S@MENTALION ....euvinniirentireienitereetetee ettt e steesee et seens st et ens e e ssesneeneennennen 12

2.3 IMAZE PIePrOCESSINEZ..c..eeueeurereniirreriieiteieterresreetetetere st ere et srenae sttt se e sre s s e nennes 13
2.3.1 IMAage RESAMPIING....c.eereeerriereeiierieeiierteeiesteetteseeteestessseestesssesseessessseassesssessseseesssennes 13
2.3.2 IMAZE DISCIEtIZAION. ..c.ueerveeteerreerieerieeieetestesteesteesteestesseesesssesssesseesseessesssesssesssesnsennes 14
2.3.2.1 Fixed Bin SiZ€ (FBZ) ..ccuvieieieeiieee et eetesttee st te st st see e e ssaaenseens 15
2.3.2.2 Fixed Bin Count (FBC) .....c.coviriiiiieienieeie sttt ettt e st 15

2.3.3 Feature EXIIACLION ...c.covuieiiesierieetiitienieeite sttt eette et ee e et st sute st e sbeesbeentesbesaeenaes 15
2.3 4 MOAEIING ..ottt ettt sttt sae sttt st sa s st ea et et s eme e 17

B RESULLS. ..ttt ettt ettt e st sb et e 19
3.1 Texture Characterization Performance of three models..........cccceeveenerniinsienienienecneennen. 19

Vi



3.2 Image resampling effects on the texture characterization performance..........cccceeeerueeneee. 21

3.3 Image discretization effects on the texture characterization performance ........................ 24
BULi L FBZue ettt ettt ettt ettt st e b et be bt et eb et 24
BUL2 FBC ettt ettt ettt ettt bt ettt st b st ae 26

4. DISCUSSION ..ttt ettt sttt ettt et st b ettt be bt eb e e sttt saeeheebtes e neesaesb e bt et e st ebente s e et entens 29

4.1 Performance Evaluation of Radiomic Models..........cccceveririrnieninenininenierenenenceeeees 29

4.2 Impact of Image Resampling TeChNIQUES .......cceeveeerenieririeieieieerceeceeese e 29

4.3 Optimization of Discretization Parameters ...........ccceevevererreerrnieneninenneeneereneneseeeenne 29

4.4 Clinical Translation and ULty ........ccceeerieririniiieninennceeecrenercee e s 30

4.5 Comparison with EXisting TeChNIQUES.......ccevveriiriienirceeieeieet et 30

4.6 Limitations and Future StUAies.........c.ceouevererininiinenenee ettt 31

5. COMCIUSION ..ttt ettt ettt ettt ae et e e bt s bt ebe e st es et et e e b e eaeente st entesbeebeeneenes 33
RETETENCES ... vttt eh bt sa ettt s et st s e eneens 35

vii



List of Tables

Table 2.1: CT scanners and image parameters used in the Phantom............cccocceeveeivncnnienennnen. 10
Table 2.2: TEXTUIE fEATUIES .....ecuviiieeieiitie et et ettt et esteesteetestbesteetaebeasbeesseesaeessasssesseansans 16
Table 3.1: Characterization results from LR, SVM, and RF models........ccccccccoevvvvvniiiiiiviiiinnnnn.n. 19
Table 3.2: T-test of the AUC results from LR, SVM, and RF models ......c.ccoooevevivniiiiiiiinnnenen, 20
Table 3.3: T-test of the AUC results across five folds........cooviiviirieiiicieniieiececeie e 20
Table 3.4: T-test of the AUC results across five resampling methods...........ccovveveervecenieneenen. 23

viii



List of Figures

Figure 1.1:
Figure 2.1:
Figure 2.2:
Figure 2.3:
Figure 2.4:
Figure 3.1:
Figure 3.2:
Figure 3.3:
Figure 3.4:
Figure 3.5:
Figure 3.6:
Figure 3.7:
Figure 3.8:

Figure 3.9:

A typical Workflow for radiomics in clinical practice. .........coceveveerveereireniencecrecniennenn 2
The overall design of the radiomics texture characterization framework. .................... 8
Cross sections of the phantom materials ...........ccoceeriereniirieniese e 11
Sample CT slices of the phantom materials ............ccoeueeeiirienieiieere e 12
ROI selection from the phantom ............c.cccviiiiiiiiieii e e 13
AUC results of Image Resampling for LR ........cccoociivieiiiiiiieee e 21
AUC results of Image Resampling for RF .........cccooviiiiiniiicieecee e 22
AUC results of Image Resampling for SVM ........ccoovviiiiinieniieeeeeeeeeeeee 22
AUC results of Fixed Bin Size for LR ......cccoooiiiiiiiiieeeeeee e 25
AUC results of Fixed Bin Size for RF.........coccooiiiiiiieee e 25
AUC results of Fixed Bin Size for SVM ......cocoiiiiiiiiiiiieeeeeee e 26
AUC results of Fixed Bin Count for LR .......cccccoiiiiiiiiiiiieeeee e, 27
AUC results of Fixed Bin Count for RF ..........cccoiiiiiiiiiiiieeeeeeee, 27
AUC results of Fixed Bin Count for RF..........cccoiiiiiiiiiiieeeeee, 28

1X



List of Abbreviations

AUC

BCa

CCR

CT

DL

DLRN

FBC

FBZ

FOV

GLCM

GLRLM

GLSZM

HCR

HU

ICC

H

LR

MRI

NGTDM

PET

ROC

ROI

SVM

Area Under Curve

Bladder Cancer

Credence Cartridge Radiomics

Computed Tomography

Deep Learning

Deep Learning Radiomics Nomogram

Fixed Bin Count

Fixed Bin Size

Field of View

Gray Level Co-occurrence Matrix
Gray Level Run Length Matrix
Gray Level Size Zone Matrix
Handcrafted Radiomics
Hounsfield Unit

Interclass Correlation Coefficient
Intensity Histogram

Logistic Regression
Magnetic Resonance Imaging
Neighborhood Grey Tone Difference Matrix
Positron Emission Tomography
Receiver Operating Characteristic
Region of Interest

Supporting Vector Machine



Acknowledgments

I am deeply grateful to my advisor, Dr. Zhenyu Yang, for your generous support and
guidance throughout my academic journey in the field of radiomics. Dr. Yang, you provided me
with invaluable opportunities, encouragement, and expertise that shaped my understanding and
skills in research. Y our mentorship not only enhanced my academic knowledge but also instilled
in me the resilience and determination to overcome challenges. I am truly fortunate to have had
the privilege to work under your supervision.

Special thanks to Dr. Fang-Fang Yin, whose support and encouragement were integral to
the success of my thesis and research endeavors. Your guidance and insights have significantly
contributed to my career in medical physics, and I am deeply appreciative of your assistance.

I extend my heartfelt appreciation to my esteemed thesis committee members, Dr. Lei
Zhang, Dr. Manju Liu, and Dr. Chunhao Wang, for the insightful guidance, constructive
feedback, and invaluable contributions that have significantly strengthened this thesis. Your
expertise and encouragement have been instrumental in shaping the direction and quality of my
research.

To my dedicated classmates and the esteemed DKU medical physics faculty, I express
my sincere gratitude. Your camaraderie, collaboration, and willingness to share knowledge and
resources have enriched my learning experience immeasurably. Special thanks to Rihui Zhang,
Yang Chen, Haiming Zhu, Cheng Qian, and all others who generously assisted with coding, data
processing, and analysis.

I am deeply indebted to my family for your unwavering love throughout my academic
journey. To my parents, grandparents, elder brothers, and little sister, your support has been my

pillar of strength, and I am profoundly grateful for your belief in me.

X1



1. Introduction

1.1 Background

Medical imaging has long been a cornerstone of modern healthcare, providing clinicians
with invaluable insights into the structural and functional aspects of the human body. Widely
used in clinical diagnosis and radiotherapy, medical imaging modalities such as X-ray, computed
tomography (CT), magnetic resonance imaging (MRI), and positron emission tomography (PET)
offer non-invasive means of visualizing anatomical structures, detecting pathological changes,
and monitoring disease progression. These imaging techniques have revolutionized the field of
medicine, enabling healthcare professionals to make accurate diagnoses, plan interventions, and
evaluate treatment responses with unprecedented precision and efficiency. By providing detailed
images of internal organs, tissues, and physiological processes, medical imaging has significantly
contributed to improved patient care, enhanced treatment outcomes, and advances in medical
research and innovation.

Medical imaging processing and analysis play a pivotal role in modern healthcare by
providing clinicians with crucial information for diagnosis, treatment planning, and therapeutic
monitoring. With advancements in imaging technology, medical images have become
indispensable tools in clinical practice, offering detailed insights into the structure and function of
the human body. However, the accurate interpretation and analysis of medical images require
sophisticated computational techniques to extract meaningful information and facilitate clinical
decision-making.

Improving the accuracy of medical imaging processing and analysis is paramount for
ensuring reliable diagnoses and treatment outcomes. Various factors, including image noise,

artifacts, and anatomical variations, can affect the quality and fidelity of medical images, posing



challenges for accurate interpretation. Therefore, robust image processing algorithms and
analytical methods are essential for enhancing image quality, reducing diagnostic errors, and
optimizing patient care.

Radiomics, as a quantitative approach to medical imaging, seeks to augment the existing
data available to clinicians through advanced mathematical analysis. By mathematically
extracting the spatial distribution of signal intensities and pixel interrelationships, radiomics
quantifies textural information utilizing analysis methods from the field of artificial intelligence.
(van Timmeren et al., 2020)

Radiomics features extracted from medical images serve as valuable data points that can
be analyzed to correlate with specific clinical endpoints, including diagnosis, prognosis, and
treatment response. This correlation is established through various data mining techniques such as
statistical modeling and machine learning. Figure 1.1 depicts a standard workflow illustrating the
application of radiomics in clinical practice. (Cui et al., 2022)

Image ROI Feature Outcoma Assessment
Acquisition Preprocessing Computation Modelling &
Prediction
Figure 1.1 A typical Workflow for radiomics in clinical practice

Medical images which may be in 2D, 3D, or 4D dimensions are acquired from various
imaging modalities such as CT, MRI, PET, or ultrasound. Preprocessing steps are then applied to
the raw image data, including image denoising, gray-level rescaling for standardization, and gray-
level discretization for feature computation. A region of interest (ROI) is defined in the input
image to extract the area from which radiomics features will be computed. This can be done
manually, semi-automatically, or fully automatically using computer algorithms. Engineered

features are then calculated based on their mathematical definitions, with the assistance of



software packages designed for feature computation. The extracted radiomics features are
subsequently fed into machine learning algorithms to learn their predictive values for specific
clinical outcomes. A decision model is constructed using selected features, which can be tested
for its utility in clinical decision-making.

In a recent investigation led by Song et al., CT images of bladder cancer (BCa) were
employed to predict the pathological grade before surgery. The researchers obtained and divided
CT scans from 688 BCa patients into training and external test groups. Following this, they
extracted both Handcrafted radiomics (HCR) features and deep learning (DL) features from the
three-phase CT images. Using a variety of machine learning classifiers, they then constructed
predictive models. Additionally, they developed a deep-learning radiomics nomogram (DLRN)
by merging the radiomic signature with clinical factors. Results indicated that the proposed CT-
based DLRN demonstrated effective diagnostic performance in distinguishing between high and
low-grade BCa.

Radiomic features encompass various categories, including shape features, intensity
features, intensity histogram (IH) features, texture features, and higher-order features. Texture
features, categorized based on their underlying matrices, include gray level co-occurrence matrix
(GLCM) features, gray level run length matrix (GLRLM) features, gray level size zone matrix
(GLSZM) features, and neighborhood grey tone difference matrix (NGTDM) features. Higher-
order features are advanced statistical descriptors that capture complex relationships and patterns
between multiple pixels or voxels within the image data.

Shape features primarily capture information related to the shape of the image or volume,
such as its size. Intensity features, on the other hand, are derived from statistical analyses of gray-
level values within image pixels or voxels. Distinct from intensity features, intensity histogram

features involve the redistribution of gray-level values into new bins, enabling the derivation of



new statistical metrics. Texture features refer to quantitative measures derived from the spatial
arrangement of pixel intensities within the image, capturing information about patterns,
structures, and variations in texture. GLCM features to assess the likelihood of specific
combinations of gray level values occurring in a particular direction, while GLRLM features
quantify the length of consecutive runs of identical gray level values. GLSZM features measure
the frequency of voxels or pixels sharing the same value as a central voxel or pixel, and NGTDM

features describe gray-level differences between neighboring pixels or voxels at a fixed distance.

1.2 Limitations for Current Radiomics Studies and Applications

Image preprocessing methods play a critical role in radiomic texture characterization by
influencing the quality, clarity, and interpretability of the extracted features. These methods
manipulate the raw image data to enhance relevant information while reducing noise and artifacts,
thus optimizing the input for subsequent analysis. Intensity features and Intensity histogram
features estimate properties of individual voxel values, ignoring the spatial interaction between
them, whereas texture and higher-order features estimate properties of two or more voxel values
occurring at specific locations relative to each other. Typically, the initial preprocessing steps for
these texture and higher-order features involve resampling or interpolating noncubic voxel grids
to cubic voxels and discretizing the original intensities into a discrete set of values, a process also
known as quantization. The choice of quantization levels determines the dimensions of the
matrices used to calculate texture metrics. (Mathieu Hatt et al.2016)

Image discretization and resampling are fundamental preprocessing steps in radiomic
texture characterization, directly influencing the quality and interpretability of extracted features.
Discretization involves converting continuous image intensity values into discrete bins, while

resampling adjusts the spatial resolution of the image to a standardized format.



Resampling refers to the adjustment of image resolution to a consistent voxel size or
spatial grid. This preprocessing step ensures uniformity in image dimensions across different
datasets and imaging modalities, facilitating direct comparison and analysis of radiomic features.
Resampling may involve interpolation techniques to interpolate voxel values between existing
data points, thereby increasing or decreasing the spatial resolution of the image. By standardizing
voxel dimensions, resampling minimizes variability in texture features attributable to differences
in image acquisition protocols and equipment settings.

Discretization consists of dividing the intensity range of the image into distinct bins or
intervals, with each bin representing a specific range of pixel intensities. The choice of bin width
determines the granularity of texture representation, impacting the sensitivity and specificity of
feature extraction. Optimal discretization parameters should balance the preservation of relevant
texture information with the reduction of data dimensionality and computational complexity.

1.3 Previous Studies to Examine the Impact of Imaging Discretization and
Resampling on Texture Characterization

To investigate the influence of image discretization and resampling on texture
characterization, several previous studies have been conducted.

Recent investigations using a texture phantom revealed that potential imaging biomarkers
could be influenced by voxel size and the number of gray levels. The study by Ruben T et al. was
done to examine the effects of various CT scanners, slice thicknesses, exposures, gray-level
discretization, and voxel size resampling on feature values and their stability. A texture phantom
with ten different inserts was scanned on nine different CT scanners with varying tube currents.
Image preprocessing involved gray-level discretization in ten different bin widths and resampling
methods to 1 x 1 x 3 mm® voxels. Subsequently, 114 textural radiomic features were extracted

from each insert. The influence of slice thickness, exposure, and bin width on feature values was



investigated. The results indicated that bin width influenced feature values, but this had a
marginal effect on the total number of stable features when comparing different scanners, slice
thicknesses, or exposures. Most radiomic features were affected by slice thickness but resampling
the CT images before feature extraction helped mitigate this effect. They proposed that
optimization of gray-level discretization can potentially improve prognostic value without
compromising feature stability while resampling images before feature extraction reduces the
variability of radiomic features.

Using 213 radiomic features including10 shape features, 16 intensity features, 24 GLCM
features, 11 GLSZM features, 11GLRLM features, 5 NGTDM features, 8 fractal dimensions
features, and 128 first-order wavelets were investigated the effects of investigating the impact of
image preprocessing methods (Hassan et al., 2017). Specifically, they focused on resampling
voxel sizes to the same dimensions (image resampling) and re-binning gray levels of the images
(image discretization). Regarding resampling, the study found that 63 out of 85 features were not
sensitive to changes in voxel size. While some features exhibited increased robustness after
resampling, others became less stable. On the other hand, the analysis of re-binning showed that
17 out of 51 texture features were dependent on gray levels.

In another study (Hassan et al., 2017) combined with clinical practice, researchers
validated the normalization of voxel size and GLs in lung tumors. They analyzed data from
eighteen patients with non-small cell lung cancer, each with varying tumor volumes. Phantom
scans were obtained from eight different scanners for comparison. Twenty-four previously
identified features were extracted from lung tumors, and the Spearman rank (rs) and interclass
correlation coefficient (ICC) were employed as metrics. Moreover, they observed that eight out of
ten features exhibited high correlations (rs > 0.9) and low correlations (rs <0.5) with the number

of voxels before and after normalizations, respectively. Similarly, texture features demonstrated



instability (ICC <0.6) before GL normalizations and high stability (ICC > 0.8) after GL
normalizations. Their study’s findings suggested that voxel size and GL normalizations, as
determined from a texture phantom study, are applicable to lung tumors.

Previous studies have demonstrated that image resampling and discretization could lead
to significant variations in radiomic feature values. However, few studies focused on quantifying

their impact on the final texture characterization performance.

1.4 Purpose of this research

This study aims to quantify the impact of image discretization and resampling on the
performance of machine learning models in classifying ten distinct texture materials obtained
from CT images. Therefore, the impact of image resampling and discretization on texture
characterization can be investigated by observing the classification accuracy difference and the
optimal image pre-processing workflow can be identified to shed light on the future radiomic

analysis.



2. Methods and Materials

The radiomics texture characterization framework was conducted using 251 CT scans of
a Credence Cartridge phantom, which includes 10 distinct texture materials. These scans were
acquired under varied image acquisition parameters, including variations in pixel spacing, mAs,
slice thickness, pitch, and reconstruction field of view and kernels. The overall design of the
developed radiomic texture characterization framework is illustrated in Figure. 2.1. For each CT
image, 10 materials were first segmented using a pre-defined cylindrical mask. A range of diverse
image preprocessing workflows was then applied to these segmented images. Specifically, five
different image resampling methods were investigated: no resampling, trilinear interpolation, and
nearest neighbor interpolation to an isotropic voxel spacing of 1mm? and Smm?. In addition, 8
different image discretization methods were explored: Fixed Bin Size (FBZ) discretization with
bin sizes of 25, 50, 75, and 100; and Fixed Bin Count (FBC) discretization with bin counts of 8,
16, 32, and 64. These resampling and discretization techniques were randomly combined into
preprocessing workflows and applied across the entire dataset. A total of 75 radiomic textures
(including 24 GLCM-based, 16 GLRLM-based, 16 GLSZM-based, 14 GLDM-based, and 5

NGTDM-based) features were extracted from each material to characterize its textural attributes.

mage
Discretization
segmentation and
Resampling

Radiomic Machine
Feature Camme L€amning
Extraction Modelling

CCR Image
Phantom-II
CTImages

Result
Analysis

Figure.2.1 The overall design of the radiomics texture characterization
framework

Logistic regression (LR), random forest (RF), and support vector machine (SVM)
machine learning models were subsequently developed for texture classification and

characterization after feature normalization, and the grid search approach was utilized to fine-tune



the machine learning hyperparameters for optimal texture classification performance. Ten-class
macro-AUC, sensitivity, specificity, and accuracy were employed to evaluate model classification

performance with 5-fold cross-validation.

2.1 Material

The radiomics texture characterization framework was conducted using 251 CT scans of
the Credence Cartridge Radiomics Phantom with Controlled Scanning Approach (CCR phantom
2), which includes 10 distinct texture materials distributed in 10 different cartridges. As Table 2.1
illustrates, The CT scans were acquired on 8 different CT scanners from 3 different major
manufacturers: Siemens, Philips, and GE Healthcare. The dataset was scanned under varied
image acquisition parameters, including variations in pixel spacing, mAs, slice thickness, and
pitch. The images were reconstructed for various slice thicknesses. Moreover, for image
reconstruction, the reconstruction Field Of View (FOV) was varied to render pixel sizes ranging
from 0.39 to 0.98 mm to each slice thickness and the reconstruction kernels were also varied.

(Hassan et al.2017) The scanning procedure was meticulously designed to maintain consistency

across imaging parameters, with only one variable parameter being manipulated while all other
factors remained constant at nominal values.

The 10 distinct materials, each confined within a 31x31x20mm cartridge, were employed
to mimic a range of Hounsfield Unit (HU) values found in human body tissues or to construct a
geometric mesh grid. These materials possess unique textures, enabling the assessment of
radiomic features' efficacy in extracting information from medical images. The materials utilized
comprise 20% filled ABS, 30% filled ABS, 40% filled ABS, 50% filled ABS, Sycamore wood,
Rubber particles, Dense cork, Solid Acrylic, Nature cork, and Plaster Resin. Fig. 2.2 provides a

visual representation of the spatial arrangement of these materials within the phantom from a



cross-sectional perspective. Additionally, sample slices exhibiting each material are depicted in
Fig. 2.3. It is important to note that transition areas between materials may lead to overlapping
shapes in certain slices.

Using CT images obtained from a phantom offers several advantages over clinical CT
images from patients for testing the effects of imaging parameters. Firstly, the CT images used in
this study are sourced from the same phantom, ensuring the elimination of any physical
differences between images. Secondly, clinical scans may exhibit artifacts due to patient motion,
which can interfere with the study of radiomic features. Thirdly, patients may have different body
conditions, resulting in variations in image textures. However, there are also limitations to using
phantom images. For instance, unlike clinical images, phantom images lack tumor volumes,
which need to be manually selected before the study. Additionally, the results obtained from
phantom studies must always be validated with actual patient data. Overall, using CT images
from phantoms helps to minimize factors unrelated to the imaging and reconstruction processes to
the greatest extent possible.

Table 2.1 CT scanners and image parameters used in the Phantom

CT Scanner KVp mAs Slice thickness(mm) :rlit:llyll(ev) If:;(:ll(s\zliic;:;;l) FOV (mm)
‘ 180, 200, 250,
GE D‘zéogf)ry STE 120 | 65,250% 125,2.5,3.75 0.984 Destzg’ Ef;;agjl’ge 300, 350,400,
S g 450, 500
. 200, 250, 300,
GE Lightspeed 32 pro 120 250% 125,2.5,3.75 0.984 Standard 350, 400, 450,
(GE2)
500
200, 250, 300,
Philips Big Bore (P1) 120 250 15,2.0,3.0 1.024 Standard(B) 350, 400, 450,
500
Smooth (A),
Standard (B), 180, 200, 250,
Philips Brilliance 64 (P2) | 120 | 65,250 1.5,2.0,3.0 1.024 Sharp(C), Lung 300, 350, 400,
enhanced (L), Y- 450, 500
Sharp (YA)
. ) 126f-2, 130-2, 140f- | _ 180, 200, 250,
Siemens l(jsef‘)m“"n AS 120 | 65,250 15,2.0,3.0 1 2, 144£22, 150£-2, 300, 350, 400,
1702 450, 500
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180, 200, 250,

Siemens Sensation 64 B10f, B20f, B31f,

120 65,250 1.5,2.0,3.0 i i i 300, 350, 400,

(S2) B50f, B60f, B70f 450, 500
180, 200, 250.
Siemens Sensation 40 B10f, B20f, B31f, o
120 65,250 1.5,2.0,3.0 i . > 300, 350, 400,

(S3) B50f, B60f, B70f 450, 500
Siemens Sensation 16 200, 250, 300,

(S4) 120 250 1.5,2.0,3.0 B31f 400, 500

20% Filled ABS

30% Filled ABS

40% Filled ABS

50% Filled ABS

Plaster Resin

Figure 2.2 Cross sections of the phantom materials

20% filled ABS

30% filled ABS

40% filled ABS
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Figure 2.3 Sample CT slices of the phantom materials

2.2 ROI Segmentation

To calculate radiomic features, a region of interest (ROI) must first be delineated within
the CT images. However, unlike clinical images that typically contain identifiable gross tumor
volumes, CT images obtained from a phantom lack such distinct anatomical structures. Therefore,
in this study, a customized cylindrical mask was used to delineate the boundaries of the ROI
within each CT image.

The selected Region of Interest (ROI) in this study is represented by a cylindrical
volume, which measures 30mm in radius and approximately 20mm in height. However,
variations in slice thickness across the original CT volumes result in slight differences in ROI
height, ranging from 18mm for volumes with a 3mm slice thickness to 21mm for others.
Positioned at the center of each CT volume, this ROI maintains material homogeneity within its
volume.

This mask was carefully designed to encapsulate the areas of interest corresponding to
the 10 distinct materials present in the images. The segmentation begins by loading the CT image
data and computes relevant parameters such as pixel width and slice thickness. Material locations
within the CT volumes are identified based on intensity differences along the center line. Masks

are generated to delineate the regions corresponding to each material. The segmented regions are

12



visualized for verification, and the segmented mask data along with the original CT volume data
are saved to a file. Figure.2.4 describes the process of selecting the ROI from the slice view.
Through this segmentation technique, the CT images were effectively partitioned,

allowing for focused analysis and extraction of radiomic features from the designated regions.

m
ﬁ 30mm

20mm 100mm

| «—>
100mm ‘

Figure 2.4 ROI selection from the phantom

The cubic box indicates the phantom volume in one material. The blue cylindrical
volume shows the ROI. The ROI is located at the center of the phantom volume.
2.3 Image Preprocessing
A range of diverse image preprocessing workflows was then applied to these segmented
images. These resampling and discretization techniques were randomly combined into

preprocessing workflows and applied across the entire dataset.

2.3.1 Image Resampling
The image resampling process aimed to standardize the voxel spacing across all CT

images to facilitate uniform feature extraction. Five resampling methods were evaluated.
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For no resampling, the original voxel values from the acquired CT images are retained
without any modification, the voxel values remain unchanged: Viesampled (X, V, 2) = Voriginal (X, ¥, 2).

Trilinear resampling is used to estimate voxel values at new locations by considering the
intensity values of neighboring voxels along each dimension (X, y, and z). It calculates the
intensity of a resampled voxel as a weighted average of its eight neighboring voxels, using linear
interpolation along each dimension: Vresampied (X, ¥, 2) = Z%:of.}:oz%:ow(i; Jr k) Voriginal (X ), Z).

When resampling to achieve an isotropic voxel spacing of Imm?, trilinear interpolation
adjusts the voxel grid to generate uniform dimensions in all three dimensions. Trilinear
resampling to Smm? adjusts the voxel grid to achieve an isotropic voxel spacing of Smm?. Each
resampled voxel retains the intensity value calculated using trilinear interpolation but with larger
voxel dimensions compared to resampling to 1mm?.

Nearest neighbor interpolation assigns the intensity value of the nearest voxel in the
original image to each resampled voxel. The intensity of the resampled voxel is equal to the
intensity of the nearest original voxel: Vrcsampied (X, ¥, Z) = Voriginal(round(x), round(y), round(z)).
When resampling to achieve an isotropic voxel spacing of 1mm?, the voxel grid is adjusted to
ensure uniform dimensions in all three dimensions (X, y, and z) with a voxel size of Imm?3.
Nearest Neighbor Interpolation to Smm? adjusts the voxel size to achieve an isotropic voxel

spacing of Smm?, resulting in larger voxel dimensions.

2.3.2 Image Discretization

Image discretization involves the transformation of continuous intensity values from
medical images into discrete bins or categories. 8 different image discretization methods were
explored: Fixed Bin Size (FBZ) discretization with bin sizes of 25, 50, 75, and 100; and Fixed

Bin Count (FBC) discretization with bin counts of 8, 16, 32, and 64 in this study.
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2.3.2.1 Fixed Bin Size (FBZ)

Fixed Bin Size (FBZ) discretization is one approach to discretizing image intensities. In
FBZ, the intensity range of the image is divided into a predetermined number of bins, each with a
fixed width. This study used the size of the bins including 25, 50, 75, and 100 when making a
histogram and for discretization of the image gray level. For instance, when discretizing by the
bin size of 25 Hounsfield Units (HU), the intensity range is partitioned into bins of 25 HU width
each. Pixels or voxels with intensity values falling within a particular bin are assigned the discrete

value corresponding to that bin.

2.3.2.2 Fixed Bin Count (FBC)

Fixed Bin Count (FBC) discretization, on the other hand, divides the intensity range of
the image into a fixed number of bins, ensuring a consistent number of bins across different
intensity ranges. It specifies the number of bins to create. The width of the bin is then determined
by the range in the ROI. Four fixed bin counts were chosen including 8, 16, 32, and 64. For
example, if we choose 8 bins, the intensity range is partitioned into 8 equally spaced bins. The

width of each bin varied depending on the overall intensity range of the image.

2.3.3 Feature Extraction

A total of 75 radiomic textures (including 24 GLCM-based, 16 GLRLM-based, 16
GLSZM-based, 14 GLDM-based, and 5 NGTDM-based) features were extracted from each
material to characterize its textural attributes by the in-house program. In radiomic feature
extraction, directional calculations involve defining angular orientations for computing texture
features across various underlying matrices, such as GLCM, GLRLM, GLSZM, and NGTDM. A
common approach is to employ four main directions (0°, 45°, 90°, and 135°) to cover key

orientations in the image for each matrix type. Opting for the horizontal direction across all
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feature extraction methods ensures consistency in orientation throughout different texture

analyses. This consistency greatly facilitates the interpretation and comparison of results. It

simplifies the analysis process, reducing computational complexity, and promoting

straightforward interpretation, which proves especially valuable when handling large datasets.

Furthermore, focusing on a single direction, particularly the horizontal axis, heightens sensitivity

to texture patterns predominantly aligned in this orientation. This can be advantageous,

particularly if the features of interest primarily exhibit horizontal manifestation. Table 2.2

demonstrates the extracted texture features.

Table 2.2 Texture features

Texture Feature Type

Feature

Gray Level Co-
occurrence Matrix
GLCM (24)

Autocorrelation, JointAverage, ClusterProminence, ClusterShade, ClusterTendency,
Contrast, Correlation, DifferenceAverage, DifferenceEntropy, DifferenceVariance,
Dissimilarity, JointEnergy, JointEntropy, Informational Measure of Correlation (IMC)
1, IMC2, Inverse Difference Moment, Maximal Correlation Coefficient, Inverse
Difference Moment Normalized, Inverse Difference, Inverse Difference Normalized,
Inverse Variance, MaximumProbability, SumAverage, SumEntropy, SumSquares

Gray Level Size Zone
Matrix GLSZM (16)

SmallAreaEmphasis, LargeAreaEmphasis, GrayLevelNonUniformity,
GrayLevelNonUniformityNormalized, SizeZoneNonUniformity,
SizeZoneNonUniformityNormalized, ZonePercentage, GrayLevelVariance,
ZoneVariance, ZoneEntropy, LowGrayLevelZoneEmphasis,
HighGrayLevelZoneEmphasis, SmallArealLowGrayLevelEmphasis,
SmallAreaHighGrayLevelEmphasis, LargeAreaLowGrayLevelEmphasis,
LargeAreaHighGrayLevelEmphasis

Gray Level Run Length
Matrix GLRLM (16)

ShortRunEmphasis, LongRunEmphasis, GrayLevelNonUniformity,
GrayLevelNonUniformityNormalized, RunLengthNonUniformity,
RunLengthNonUniformityNormalized, RunPercentage, GrayLevelVariance,
RunVariance, RunEntropy, LowGrayLevelRunEmphasis,
HighGrayLevelRunEmphasis, ShortRunLowGrayLevelEmphasis,
ShortRunHighGrayLevelEmphasis, LongRunLowGrayLevelEmphasis,
LongRunHighGrayLevelEmphasis

Neighboring Gray Tone

Difference Matrix Coarseness, Contrast, Busyness, Complexity, Strength

NGTDM (5)
SmallDependenceEmphasis, LargeDependenceEmphasis, GrayLevelNonUniformity,
DependenceNonUniformity, DependenceNonUniformityNormalized,
GrayLevelVariance, DependenceVariance, DependenceEntropy,

Gray Level Dependence | LowGrayLevelEmphasis, HighGrayLevelEmphasis,

Matrix GLDM (14) SmallDependenceLowGrayLevelEmphasis,

SmallDependenceHighGrayLevelEmphasis,
LargeDependenceLowGrayLevelEmphasis,
LargeDependenceHighGrayLevelEmphasis
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2.3.4 Modelling

In the modeling phase, we employed three distinct machine learning algorithms: LR, RF,
and SVM to perform texture classification and characterization based on the radiomic features
extracted from the images. These models were developed after performing data scaling to ensure
that all features had a consistent scale and distribution, facilitating fair comparisons and
enhancing model performance.

LR is a linear classification algorithm commonly used for binary classification tasks. It
models the probability of a binary outcome using a logistic function and learns the relationship
between the independent variables (radiomic features) and the binary outcome (texture
classification). RF is an ensemble learning method that constructs a multitude of decision trees
during training and outputs the class which is the mode of the classes of the individual trees. It is
known for its robustness to overfitting and ability to handle high-dimensional data with complex
interactions between features.

SVM is a powerful supervised learning algorithm used for classification tasks. It works
by finding the hyperplane that best separates the classes in the feature space, maximizing the
margin between the classes. SVM is effective in handling high-dimensional data and is
particularly useful when the data is not linearly separable.

The extracted texture features were standardized using the StandardScaler to rescale the
features so that they have comparable scales. SVM and LR model are sensitive to the scale of the
features. Standardization (or Z-score normalization) transformed the data such that it would have
a mean of 0 and a standard deviation of 1, making features scale-invariant and preventing certain
features from dominating the learning process solely because of their larger scale. This was

achieved by subtracting the mean from each feature and dividing by its standard deviation. The
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choice of using StandardScaler is appropriate due to its simplicity, widespread usage, robustness
to outliers, and compatibility with algorithms assuming Gaussian distribution. It's important to
note that normalization is not applied to the Random Forest algorithm, as Random Forest is
inherently robust to feature scaling due to its decision tree-based nature, where feature scale does
not affect performance.

After developing the LR, RF, and SVM models, the study employed the grid search
approach to fine-tune the hyperparameters of each model for optimal texture classification
performance. Grid search involves systematically searching through a predefined hyperparameter
grid and selecting the combination that yields the best performance based on a specified
evaluation metric.

To evaluate the classification performance of each model, 5-fold cross-validation was
utilized and the performance was assessed in the following metrics: Ten-class macro-AUC,
Sensitivity, Specificity, and accuracy. Ten-class macro-AUC is the area under the Receiver
Operating Characteristic (ROC) curve, averaged across all classes, which measures the overall
discriminatory power of the model. Sensitivity is the proportion of correctly classified positive
instances (true positives) out of all actual positive instances and specificity is the proportion of
correctly classified negative instances (true negatives) out of all actual negative instances.
Additionally, Accuracy is the proportion of correctly classified instances (both positive and
negative) out of all instances. These evaluation metrics provide insights into the overall
performance of the models in the task of texture classification and characterization based on the

extracted radiomic features, considering both sensitivity and specificity across all classes.
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3. Results

3.1 Texture Characterization Performance of three models

Table 3.1 presents a summary of the accuracy, sensitivity, specificity, and Area Under the
Curve (AUC) results obtained from the three models across five folds. The RF model
demonstrated superior performance compared to the LR and SVM models. Specifically, the RF
model exhibited a mean accuracy of 0.9979, sensitivity of 0.9844, specificity of 0.9994, and AUC
01 0.9979.

Statistical analysis, utilizing the t-test, revealed significant differences in performance
across the RF, LR, and SVM models. Table 3.2 presents the results of the t-test comparing the
performance of different models for texture classification. The p-values represent the statistical
significance of the differences in performance between the model pairs across the comparison. A
P-value less than 0.05 (commonly used threshold) suggests statistically significant differences
between the performance of the compared methods. A P-value greater than or equal to 0.05
suggests no statistically significant differences between the compared methods. There exist
differences among the model performance but the difference between RF and LR as well as SVM
is much greater than the difference between LR and SVM, showing RF may exhibit superior
performance in handling complex data and flexibility compared to LR and SVM in texture
characterization.

Table 3.1 Characterization results from LR, SVM, and RF models

Accuracy Sensitivity Specificity AUC

LR | 0.9841+0.0239 0.9867+0.0189 0.9838+0.0254 0.9941+0.0081
SVM | 0.984240.0249 0.9868+0.0161 0.9840+0.0272 0.9957+0.0067
RF 0.9979+0.0020 0.9844+0.0182 0.9994+0.0010 0.9979+0.0040
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Table 3.2 T-test of the AUC results from LR, SVM, and RF models

Model Comparison P-values

RF vs SVM 0.0007

RF vs LR 0.0006

SVM vs LR 0.0036

Table 3.3 T-test of the AUC results across five folds

Fold Comparison P-values
Fold 1 vs Fold 2 0.9049
Fold 1 vs Fold 3 0.4766
Fold 1 vs Fold 4 0.4438
Fold 1 vs Fold 5 0.8897
Fold 2 vs Fold 3 0.3912
Fold 2 vs Fold 4 0.3625
Fold 2 vs Fold 5 0.9821
Fold 3 vs Fold 4 0.9419
Fold 3 vs Fold 5 0.3925
Fold 4 vs Fold 5 0.3647

Based on the p-values obtained from the t-tests conducted across the five folds, there are
no statistically significant differences in model performance observed among the folds, which

means that the performance of the models is consistent across different folds.
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3.2 Image resampling effects on the texture characterization performance
In Figure. 3.1, Figure. 3.2, and Figure. 3.3, the AUC results of different image resampling
methods from the three models are presented. Notably, resampling to isotropic voxel space led to
improved prediction performance, with AUC values of 0.9942 + 0.0075 and 0.9944 + 0.0073 for
trilinear and nearest neighbor resampling to Imm? and Smm?, respectively. In addition, the t-test
was conducted to compare the performance of five different resampling methods used in the three

models.
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Figure 3.1 AUC results of Image Resampling for LR
1-5 represents no resampling, trilinear resampling to Smm?, trilinear resampling to

1mm?3, nearest neighbor resampling to Smm?, and nearest neighbor resampling to 1mm?
respectively.
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Figure 3.3 AUC results of Image Resampling for SVM
According to the achieved p-values, the p-values for comparisons between the No

Resampling method and each of the other four resampling methods (trilinear resampling to 5
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mm?, trilinear resampling to 1 mm?, nearest neighbor resampling to 5 mm?, and nearest neighbor
resampling to 1 mm?) are all less than 0.05, indicating a significant difference This suggests that
the No Resampling method performs significantly worse than the other resampling methods.

The p-values for comparisons between the other resampling methods (trilinear
resampling to 5 mm?, trilinear resampling to 1 mm?, nearest neighbor resampling to 5 mm?, and
nearest neighbor resampling to 1 mm?) are all greater than 0.05, indicating that there is no
significant difference among these resampling methods. This suggests that there is no clear
advantage of one resampling method over another among the trilinear and nearest neighbor
methods when considering their impact on the performance. These results suggest that the choice
of resampling method can significantly impact the model performance, particularly when
comparing certain methods, but there may be some methods that perform similarly in terms of
texture classification.

Table 3.4 T-test of the AUC results across five resampling methods

Resampling Method Comparison P-values

No resampling vs Trilinear resampling to 5 mm? 0.0067

No resampling vs Trilinear resampling to 1 mm? 0.0075

No resampling vs Nearest Neighbor resampling to 5 mm? 0.0129

No resampling vs Nearest Neighbor resampling to 1 mm? 0.0079
Trilinear resampling to 5 mm? vs Trilinear resampling to 1 mm? 0.9306
Trilinear resampling to 5 mm? vs Nearest Neighbor resampling to 5 mm?3 0.9349
Trilinear resampling to 5 mm? vs Nearest Neighbor resampling to 1 mm? 0.5528
Trilinear resampling to 1 mm® vs Nearest Neighbor resampling to 5 mm? 0.8737
Trilinear resampling to 1 mm? vs Nearest Neighbor resampling to 1 mm? 0.5905
Nearest Neighbor resampling to 5 mm? to Nearest Neighbor resampling to 1 mm? 0.6500
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3.3 Image discretization effects on the texture characterization
performance

The results from different image discretization methods suggest that expanding the
dynamic range of gray levels aids in capturing finer texture nuances within the CT images,

thereby contributing to enhanced model performance, particularly evident in the RF model.

3.3.1 FBZ

Figure.3.4, Figure.3.5, and Figure.3.6 demonstrate the AUC results of different fixed bin
sizes including 25, 50, 75, and 100 in image discretization from the three models presented.
Performance sees an increment of 0.0038 as bin sizes decrease from 100 to 25. A notable trend in
performance emerges when the original Computed Tomography (CT) images are discretized to
encompass a broader dynamic range of gray levels. Particularly noteworthy is the RF model,
where performance demonstrates improvement in response to alterations in discretization

parameters.
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3.3.2 FBC

Figure. 3.7, Figure.3.8, and Figure.3.9 illustrate the AUC results obtained from three
models, showcasing the impact of four fixed bin counts that include 8, 16, 32, and 64 in the image
discretization process. An increase of 0.0074 is observed as bin counts rise from 8 to 64. As the
number of gray levels increases, the model's ability to discern subtle texture differences within
the CT images improves.

This is also exemplified by the significant performance boost observed in the RF model,
where even relatively small adjustments in bin count lead to measurable enhancements in

predictive accuracy.
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These findings underscore the importance of carefully selecting discretization parameters,
such as bin size and count, to optimize the performance of machine learning models applied to

medical imaging tasks.
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4. Discussion

4.1 Performance Evaluation of Radiomic Models

The study evaluated the performance of radiomic models in predicting clinical outcomes
using various preprocessing techniques, including image resampling and discretization. Across
three machine learning models, namely RF, SVM, and LR, the RF model consistently
demonstrated superior performance in terms of accuracy, sensitivity, specificity, and AUC. This
finding underscores the robustness and effectiveness of RF-based radiomic models in capturing

complex patterns and discriminating between different clinical phenotypes.

4.2 Impact of Image Resampling Techniques

One of the primary objectives of the study was to investigate the impact of preprocessing
techniques, such as image resampling and discretization, on radiomic model performance. Our
results revealed notable variations in model performance across different preprocessing methods.
Specifically, resampling to isotropic voxel space significantly improved prediction performance
compared to no interpolation. This finding underscores the importance of standardized image
preprocessing techniques in enhancing the reproducibility and generalizability of radiomic

models across different imaging modalities and acquisition protocols.

4.3 Optimization of Discretization Parameters

In addition to image resampling, the study explored the effect of discretization
parameters, such as bin size and count, on radiomic model performance. Our findings
demonstrated a clear trend towards improved performance with broader dynamic ranges of gray
levels, particularly in the RF model. Specifically, decreasing bin sizes from 100 to 25 and

increasing bin counts from 8 to 64 resulted in significant improvements in AUC values,
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highlighting the importance of optimizing discretization parameters to capture finer texture

nuances and enhance model discriminative power.

4.4 Clinical Translation and Utility

The observed improvements in radiomic model performance can benefit clinical practice,
particularly in the context of precision medicine and personalized healthcare. Radiomic models
offer the potential to extract quantitative information from medical images and translate them into
actionable insights for diagnosis, prognosis, and treatment planning. By leveraging advanced
machine learning algorithms and image analysis techniques, radiomic models can assist clinicians
in risk stratification, treatment response prediction, and patient outcome optimization across

various disease domains, including oncology, neurology, and cardiology.

4.5 Comparison with Existing Techniques

The previous study conducted by Shafig-ul-Hassan et al. also utilized the CCR phantom 2
data and focused on investigating the intrinsic dependencies of CT radiomic features on voxel
size and the number of gray levels. They primarily evaluated the impact of voxel size and gray-
level discretization on radiomic features, performing voxel-size resampling and analyzing the
reproducibility of features across different voxel sizes. They also assessed the dependency of
features on gray-level discretization, classifying features based on their variation before and after
resampling, and evaluated the impact on inter-scanner comparisons. Their research concluded
that voxel-size resampling improved feature reproducibility and identified specific features
dependent on voxel size and gray-level discretization.

In comparison, while utilizing the same dataset, this study aimed to develop a novel
radiomic quantification framework to assess the impact of image resampling and discretization on

radiomic texture characterization performance. The study demonstrated high classification
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performance of machine learning models and observed improvements with larger gray level
ranges and isotropic voxel spacing. It comprehensively assessed various resampling and
discretization methods and their effects on classification performance, providing practical insights

into optimizing radiomic texture characterization performance for specific clinical applications.

4.6 Limitations and Future Studies

Despite the promising results obtained in the study, several challenges and limitations
need to be addressed to facilitate the clinical translation and adoption of radiomic models. These
include issues related to data quality and standardization, model interpretability and transparency,
regulatory compliance, and clinical validation in real-world settings. Moreover, the inherent
heterogeneity and complexity of medical imaging data pose significant challenges for model
development and validation, necessitating interdisciplinary collaborations and robust validation
frameworks to ensure the reliability and generalizability of radiomic findings. Future research
efforts should focus on addressing the challenges and advancing the field of radiomics toward
clinical application and integration into routine healthcare practice. This includes the
development of standardized protocols for image acquisition, preprocessing, and feature
extraction, as well as the establishment of benchmark datasets and evaluation metrics for
comparing and validating radiomic models. Additionally, prospective clinical studies and
multicenter trials are needed to validate the prognostic and predictive value of radiomic models
across diverse patient populations and clinical scenarios.

In addition, this study hasn’t explored the impact of the image noise level on radiomic
calculation. High noise levels introduce variability in pixel intensity values, resulting in
inconsistent feature values across scans and imaging platforms. This variability undermines the

reliability of radiomic analysis, particularly in texture characterization, where noise can obscure
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subtle patterns crucial for accurate tissue characterization. Therefore, implementing effective

noise reduction techniques can be part of the future study directions.
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5. Conclusion

The study successfully quantified the dependence of radiomics texture characterization
on image resampling and discretization. This comprehensive investigation provides valuable
insights into the impact of preprocessing techniques on radiomic feature extraction and model
performance. By systematically evaluating a range of image resampling and discretization
methods, the study laid the foundation for a more nuanced understanding of the factors
influencing radiomic analysis.

The proposed framework can indeed be generalized to characterize a broader range of
image preprocessing techniques and machine learning algorithms. The modular design of the
framework allows for easy integration of new preprocessing methods and algorithms, facilitating
further exploration and comparison. Moreover, the methodology developed in this study can
serve as a template for future research endeavors in the field of radiomics, enabling researchers to
investigate the effects of different preprocessing strategies on various imaging modalities and
clinical applications. By elucidating the interplay between preprocessing techniques and radiomic
feature extraction, our study contributes to the growing body of literature aimed at optimizing
radiomic analysis for enhanced diagnostic and prognostic accuracy. The insights gained from this
research can inform the development of more robust and reliable radiomic models, ultimately
leading to improved patient outcomes and clinical decision-making.

Moving forward, continued research in this area is essential to further refine and validate
the proposed framework. Future studies could explore additional preprocessing factors, such as
image registration, normalization, and denoising, and evaluate their impact on radiomic analysis.

Additionally, investigations into the generalizability of radiomic models across different patient
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populations and imaging protocols would be valuable for assessing the clinical utility of
radiomics in real-world settings.

Overall, our study underscores the importance of considering image preprocessing
techniques in radiomic analysis and provides a foundation for advancing the field toward more

personalized and precise diagnostic and prognostic tools.

34



References

Gillies, R. J., Kinahan, P. E., & Hricak, H. (2016). Radiomics: Images Are More than Pictures,
They Are Data. Radiology, 278(2), 563-577.

Branco, L. R., Ger, R. B., Mackin, D. S., Zhou, S., Court, L. E., & Layman, R. R. (2019). Proof
of concept for radiomics-based quality assurance for computed tomography. Journal of

Applied Clinical Medical Physics, 20(11), 199-205.

Van Timmeren, J. E., Cester, D., Tanadini-Lang, S., Alkadhi, H., & Baessler, B. (2020).
Radiomics in medical imaging—"how-to" guide and critical reflection. Insights into
Imaging, 11(1), 91.

Cui, Y., & Yin, F. F. (2022). Impact of image quality on radiomics applications. Physics in
Medicine & Biology, 67(15), 15TRO3.

Lambin P, Rios-Velazquez E, Leijenaar R, et al. Radiomics: extracting more information from
medical images using advanced feature analysis. European Journal of Cancer. 2012;
48(4):441-6.

Scapicchio, C., Gabelloni, M., Barucci, A., Cioni, D., Saba, L., & Neri, E. (2021). A deep look
into radiomics. Radiologia Medica, 126(10), 1296-1311.

Mayerhoefer, M. E., Materka, A., Langs, G., Haggstrom, 1., Szczypinski, P., Gibbs, P., & Cook,
G. (2020). Introduction to Radiomics. Journal of Nuclear Medicine, 61(4), 488-495.

Forghani, R., Savadjiev, P., Chatterjee, A., Muthukrishnan, N., Reinhold, C., & Forghani, B.
(2019). Radiomics and Artificial Intelligence for Biomarker and Prediction Model
Development in Oncology. Computational and Structural Biotechnology Journal, 17,
995-1008.

Avery, E., Sanelli, P. C., Aboian, M., & Payabvash, S. (2022). Radiomics: A Primer on
Processing Workflow and Analysis. Seminars in Ultrasound, CT, and MRI, 43(2), 142-
146.

Xu, P., Xue, Y., Schoepf, U. J., Varga-Szemes, A., Griffith, J., Yacoub, B., Zhou, F., Zhou, C.,
Yang, Y., Xing, W., & Zhang, L. (2021). Radiomics: The Next Frontier of Cardiac
Computed Tomography. Circulation: Cardiovascular Imaging, 14(3), e011747.

Song, H., Yang, S., Yu, B, Li, N., Huang, Y., Sun, R., Wang, B., Nie, P., Hou, F., Huang, C.,
Zhang, M., & Wang, H. (2023). CT-based deep learning radiomics nomogram for the
prediction of pathological grade in bladder cancer: a multicenter study. Cancer Imaging,
23, 89.

35



Hatt, M., Tixier, F., Pierce, L., Kinahan, P. E., Le Rest, C. C., & Visvikis, D. (2017).
Characterization of PET/CT images using texture analysis: the past, the present... any
future? European Journal of Nuclear Medicine and Molecular Imaging, 44(1), 151-165.

Larue, R. T., Defraene, G., De Ruysscher, D., Lambin, P., & van Elmpt, W. (2017). Quantitative
radiomics studies for tissue characterization: a review of technology and methodological
procedures. British Journal of Radiology, 90(1070), 20160665.

Leijenaar RTH, Nalbantov G, Carvalho S, et al. The effect of SUV discretization in quantitative
FDG-PET Radiomics: the need for standardized methodology in tumor texture analysis.
Sci Rep. 2015; 5:11075.

Shafig-ul-Hassan, M., Zhang, G. G., Hunt, D. C., Latifi, K., Ullah, G., Gillies, R. J., & Moros, E.
G. (2018). Accounting for reconstruction kernel-induced variability in CT radiomic
features using noise power spectra. Journal of Medical Imaging, 5(1), 011013-011013.

Shafiq-ul-Hassan, M., Zhang, G. G., Latifi, K., Ullah, G., Hunt, D. C., Balagurunathan, Y., ... &

Moros, E. G. (2017). Intrinsic dependencies of CT radiomic features on voxel size and
number of gray levels. Medical physics, 44(3), 1050-1062.

Shafig-ul-Hassan, M., Latifi, K., Zhang, G., Ullah, G., Gillies, R., & Moros, E. (2018). Voxel size
and gray level normalization of CT radiomic features in lung cancer. Scientific reports,
8(1), 10545.

Shafiq ul Hassan M, Zhang G, Latifi K, Ullah G, Gillies R, Moros E. Credence Cartridge
Radiomics Phantom CT scans with Controlled Scanning Approach. 2018.

Mackin, D., Fave, X., Zhang, L., Fried, D., Yang, J., Taylor, B., Rodriguez-Rivera, E., Dodge, C.,
Jones, A. K., & Court, L. (2015). Measuring Computed Tomography Scanner Variability
of Radiomics Features. Investigative Radiology, 50(11), 757-765.

Corrias, G., Micheletti, G., Barberini, L., Suri, J. S., & Saba, L. (2022). Texture analysis imaging
“what a clinical radiologist needs to know". European Journal of Radiology, 146,
110055.

Au, R. C, Tan, W. C., Bourbeau, J., Hogg, J. C., & Kirby, M. (2021). Impact of image pre-
processing methods on computed tomography radiomics features in chronic obstructive
pulmonary disease. Physics in Medicine and Biology, 66(24).

Palani, D., Ganesh, K. M., Karunagaran, L., Govindaraj, K., & Shanmugam, S. (2023). Statistical
Analysis on Impact of Image Preprocessing of CT Texture Patterns and Its CT Radiomic
Feature Stability: A Phantom Study. Asian Pacific Journal of Cancer Prevention, 24(6),
2061-2072.

Sun C, Wee WG. Neighboring gray level dependence matrix for texture classification. Compute
Vis Graph Image Process. 1983; 23:341-52.

36



Wichtmann B, Attenberger U, Harder FM, et al. Influence of image processing on the robustness
of radiomic features derived from magnetic resonance imaging—a phantom study.
ISMRM. 2018:5.

Marfisi, D., Tessa, C., Marzi, C., Del Meglio, J., Linsalata, S., Borgheresi, R., Lilli, A., Lazzarini,
R., Salvatori, L., Vignali, C., Barucci, A., Mascalchi, M., Casolo, G., Diciotti, S., Traino,
A. C., & Giannelli, M. (2022). Image resampling and discretization effect on the estimate
of myocardial radiomic features from T1 and T2 mapping in hypertrophic

cardiomyopathy. Scientific Reports, 12, 1018.

37



