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Summary

Medical physicists play an important role in integrating imaging, treatment planning, and therapy
monitoring into cancer care. With the increased availability of high-resolution medical imaging and
advanced computational tools, radiomics has emerged as a potent non-invasive method for
quantifying tumor features. Delta radiomics, which examines changes in imaging features during or
after therapy, sheds light on treatment-induced biological impacts. However, the practical application
of delta radiomics in ordinary clinical workflows is still limited, primarily due to the complexity of
data processing, diversity in radiomic feature extraction procedures, and the lack of defined, clinically
validated implementation paths.

The aim of this master's thesis was to create and test a reproducible delta radiomics-based process
that would assist medical physicists in prognostic modelling for patients with head and neck cancer.
Rather than focusing solely on prediction accuracy, the goal was to develop a simple and adaptable
approach for clinical usage. In this work, pre- and post-treatment medical imaging data were used to
identify delta radiomic features to verify the performance of the developed workflow. Two
independent machine learning models were created: one to determine which medication causes the
greatest radiomic alterations, and another to discover variables linked with patient survival. These
modelling tasks not only revealed the workflow's power to recognize clinically meaningful patterns
but also emphasized its potential to discover non-invasive imaging biomarkers for treatment
monitoring and survival prediction.

The developed workflow includes key steps, such as balancing the dataset using the synthetic
oversampling method SMOTE, correlation analysis to reduce over-sampling and feature selection
using recursive feature removal with Random Forest and XGBoost and evaluating the performance
of these methods. The CatBoost method is then used to build classification models based on the given
features. Finally, Mann-Whitney U, Kruskal-Wallis and Dunn post hoc tests are used to assess the
statistical significance and discriminatory power of the features included in the final models.

This thesis advances medical physics by proposing a robust, useable delta radiomics methodology
for developing imaging-based prognostic models. It emphasizes the critical role of medical physicists
in enabling data-driven, individualized treatment evaluation and response assessment. By increasing
the incorporation of quantitative imaging biomarkers into clinical radiation workflows, this study
adds to the ongoing enhancement of customized oncology care and the employment of Al techniques
in routine clinical practice.
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Santrauka

Medicinos fizikai atlieka itin svarby vaidmenj integruojant vaizdinimo technologijas, gydymo
planavimag ir terapijos stebéseng i visapusiska onkologinio gydymo procesa. Did¢jant aukstos raiskos
medicininiy vaizdy ir pazangiy skaitmeniniy analizés jrankiy prieinamumui, radiomika tampa vis
svarbesniu neinvaziniu metodu, leidZianciu kiekybiskai jvertinti naviky savybes. Delta radiomika,
tirianti vaizdavimo pozymiy pokycius gydymo metu arba po jo, suteikia reikSmingy jzvalgy apie
biologinj atsaka j terapija. Nepaisant to, praktinis delta radiomikos taikymas klinikin¢je veikloje
tebéra ribotas dél sudétingy duomeny apdorojimo etapy, nevienody pozymiy iSskyrimo metodologijy
bei standartizuoty ir kliniskai patvirtinty jgyvendinimo gairiy stokos

Sio magistro darbo tikslas - sukurti ir i§bandyti atkuriama delta radiomikos procesa, kuris padéty
medicinos fizikams modeliuoti galvos ir kaklo véziu serganciy analizés atvejus. Siekiant uztikrinti ne
tik prognostino modelio tiksluma, bet ir prakting nauda, sukurta paprasta, klinikinéje aplinkoje
lengvai pritaikoma radiomikos modelio kiirimo eiga. Siame tyrime radiomikos pozymiams nustatyti
buvo naudojami medicininiai vaizdai atlikti prie§ gydyma ir po jo, siekiant patikrinti sukurto darbo
eigos efektyvuma. Jos iSbandymui sukurti du nepriklausomi masininio mokymosi modeliai: vienas
skirtas nustatyti, kuris vaistas sukelia didziausius radiominius poky¢ius, o kitas - atrasti kintamuosius,
susijusius su paciento i§gyvenamumu. Sios modeliavimo uZduotys ne tik atskleidé darbo eigos galia
atpazinti kliniSkai reikSmingus modelius, bet ir pabréZ¢ jos potencialg atrasti neinvazinius vaizdinimo
biomarkerius, skirtus gydymo stebésenai ir iSgyvenamumo prognozavimui.

Siame darbe siiilomas metodas apima sisteminga analizés eiga, kurig sudaro duomeny rinkinio
subalansavimas taikant sintetinio duomeny generavimo technikas (pvz., SMOTE), duomeny
filtravimas naudojant koreliacing analize, skirtas sumazinti pertekliniy pozymiy jtakg bei pozymiy
atranka, atliekama rekursyvaus eliminavimo metodu pasitelkiant ,,Random Forest* ir ,,XGBoost*
algoritmus. Atrinkti pozymiai buvo panaudoti kuriant klasifikavimo modelius, pagristus ,,CatBoost*
algoritmu. Siekiant jvertinti galutinai atrinkty poZymiy statistinj reikSminguma ir jy diskriminacing
galig, buvo taikomi Mann-Whitney U, Kruskal-Wallis ir Dunno post hoc testai.

Siuo tyrimu siekta prisidéti prie medicinos fizikos srities pazangos, pateikiant patikimg ir praktikoje
pritaikomg delta radiomikos darbo eiga, skirta vaizdavimo duomenimis gristy prognostiniy modeliy
kirimui. Siame darbe akcentuojama medicinos fiziky reikimé diegiant duomenimis grista ir
individualizuota gydymo atsako vertinimg klinikinéje aplinkoje. Tobulinant kiekybiniy vaizdiniy
biologiniy Zymeny integravimg ] radioterapijos klinikine praktika. Be to, Sis tyrimas prisideda prie
personalizuotos onkologinés priezitiros tobulinimo bei dirbtinio intelekto metody diegimo kasdienéje
medicinos praktikoje.
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Introduction

Cancer is an all-encompassing term for a wide-ranging and multidimensional disease characterized
by the uncontrolled and persistent development of aberrant cells. This destructive process impairs the
structural and functional integrity of the surrounding tissues and can spread systemically via
hematogenous and lymphatic channels, eventually resulting in the production of new malignant
tumors known as metastases [1, 2]. Currently, the diagnosis and treatment of carriage disease is
regarded as a serious health problem, since it accounts for one in six fatalities worldwide, and rates
of mortality continue to rise fast despite substantial advancements in early detection and treatment
[3, 4]. The cornerstone of effective oncology is an accurate diagnosis, which enables individual
patient treatment planning, comprehensive risk assessment and evidence-based clinical decision-
making [5, 6]. Traditional prognostic models, on the other hand, have limitations in terms of
characterizing tumor biology because they primarily depend on clinical and histological
characteristics that might not accurately represent the complex and heterogeneous tumor structure.
These obstacles can diminish the ability to correctly forecast illness development and response to
treatment, resulting in suboptimal treatment changes and poor patient outcomes [7-9].

With rapid advances in medical imaging and computational analysis, radiomics are now recognized
as an effective method for improving cancer prognosis. Radiomics is the extraction of high-
dimensional quantitative features from different imaging modalities, transforming medical images
into data capable of identifying clinically meaningful biomarkers and improving diagnostic and
prognostic modeling [10, 11]. These features quantify a variety of tissue heterogeneity, texture, shape,
and intensity using numerical values derived from pixel (2D) or voxel (3D) intensity levels (bits)
[12]. However, one significant problem in radiomics is the susceptibility of these quantitative aspects
to differences in imaging methods and acquisition conditions. Given that these radiomic features are
fundamentally numerical representations of image intensity distributions, variations in imaging
procedures, such as algorithms used for reconstruction, image acquisition settings, or scanner types,
can cause significant discrepancies in feature values, even for identical anatomical regions. This
heterogeneity undermines the repeatability and dependability of radiomics-based models,
emphasizing the necessity for rigorous standardization of imaging processes, strong feature selection
techniques, and extensive validation to assure clinical application [13-15].

To improve the superiority and predictive accuracy of static radiomic analysis while also addressing
existing weaknesses, a new branch of delta radiomics was established relatively recently and has
already proven to be a viable technology. Unlike traditional radiomics, which examines features at a
single time point, delta radiomics focuses on quantitative changes in radiomic features across time
between two or more imaging time points, such as before, during, or after therapy. These changes
may indicate minor biological reactions to treatment, such as tumor reduction, necrosis, or changes
in tissue heterogeneity, which may not be visible but can be detected quantitatively. As a result, delta
characteristics provide extra information on tumor dynamics, making them useful biomarkers for
predicting therapy response and patient outcomes [16]. The final master's project will leverage delta
radiomics elements to create a thorough methodology for developing a prediction model for head and
neck cancer cases. To demonstrate how the workflow employing delta radiomics features performs,
two models were developed: one to evaluate which treatment type causes the most significant
changes, and another to find which features are connected with patient survival outcomes.
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Aim: to build a workflow of developing a prognostic model using delta radiomics features in head
and neck cancer patients.

Tasks:

» to perform a comprehensive analysis of the evolution of radiomics and critically evaluate each
stage of the radiomics workflow, including its methodological limitations.

* to design and implement a delta radiomics workflow adapted to the imaging and clinical
characteristics of head and neck cancer patients.

+ to validate a machine learning—based prognostic model utilizing the designed delta radiomics
features workflow.
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1. Literature review
1.1. History of Radiomics

Radiomics has its beginnings in the early 1970s, when scientists first experimented with texture
analysis for image classification. To be more specific, radiomics began in 1973, when some
researchers proposed using texture features to identify images. Later on, in 1995, researchers began
utilizing convolutional neural networks (CNNs) to identify lung nodules, indicating that computer
algorithms could be trained to recognize medical images [17, 18]. In the late 2000s, researchers
attempted to establish a correlation between tumor images and genetic types. At the time, most of the
research was conducted on very small datasets and lacked external validation, which meant that the
identified radiomic patterns were based on just tiny datasets from individual organizations and could
not be validated by data from other organizations. Radiomics in oncology has progressed significantly
as medical imaging technologies have advanced [19]. In 2012, Lambin coined the term radiomics to
characterize the extraction of physiologically relevant quantitative information from medical
imaging. He proposed that radiomics features (RF), which are invisible components of the tissue
infrastructure of imaged objects, could be a useful tool for studying cancer with computed
tomography (CT), magnetic resonance imaging (MRI), and other techniques. According to Lambino,
such imaging investigations are easily replicable and allow for in vivo viewing and quantitative
measurement of RF across the scanned array. As a result, they could help to advance a personalized
precision medicine approach to cancer diagnosis in each patient, as well as serial assessment and
prediction of therapy response. Nonetheless, radiomics has not gained widespread acceptance as a
reliable component of cancer assessment. The complexity of radiomics and its validation caused
numerous concerns at the time, including the reproducibility and generalizability of texture analysis
and other critical components of the radiomics signature [18].

Robert A. Gillies, Patricia E. Kinahan, and Hedvig Hricak published a study in 2014 entitled
“Decoding Tumor Phenotype by Noninvasive Imaging Using a Quantitative Radiomics Approach”.
This publication was the first scientific paper describing the combined use of radiomics and machine
learning. This research is critical in the field of radiomics, which entails extracting many quantitative
variables from medical images to aid tumor characterization, prognosis, and treatment prediction.
According to the scientists, radiomics is found on the notion that medical images are more than just
images; they contain quantitative data that indicate the underlying biology of cancer. Researchers can
study patterns in photographs that are invisible to the naked eye by extracting characteristics using
computer approaches. This paper sought to show how quantitative information collected from
imaging can be used to decipher tumor phenotypes noninvasively. The researchers hoped that
radiomics had the potential to bridge the gap between imaging and genetics, which would lead to
personalized treatment recommendations based on the extracted radiomics features. During the study,
the researchers aimed to extract a wide range of parameters from imaging modalities such as
computed tomography (CT), magnetic resonance imaging (MRI) and positron emission tomography
(PET). During the study, the researchers found that malignant tumors are often heterogeneous, i.e.
they consist of compartments with different biological characteristics. Radiomics can assist quantify
this heterogeneity, which can provide valuable information regarding the tumor's aggressiveness and
likelihood of responding to various treatments. The research also examined how quantitative imaging
features can serve as imaging biomarkers. These indicators have the potential to replace invasive
tissue samples in the assessment of tumor features. In a 2014 paper, researchers stated that radiomic
features can be used for a variety of clinical applications, including disease prognosis, predictive
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modelling of cancer yield to treatment, and the use of radiomic features to categorize patients into
different risk categories based on their tumor's radiomic profile [20].

In 2018, a Multiparametric radiomics framework (mpRAD) was introduced by authors Parekh V. S.
and Jacobs M.A. (2018). It was designed to extract radiomic features from high-dimensional imaging
datasets. Basically, it means that this framework allows us to extract features from multiple types of
imaging information, for instance CT, MRI or PET, while standard radiomics frequently uses single
imaging modalities, which may not adequately capture the complex tissue features found in diverse
disorders. Th mpRAD overcomes this restriction by combining different imaging characteristics,
allowing for a more thorough examination of tissue heterogeneity. Several examples of how
mpRadiomics looks by combining several imaging techniques can be seen in Fig. 1 [21].

Breast tumor mpMRI

Brain stroke mpMRI

@ fv

x.l() -
ADC Pos(-Canlrasl
Brain tumor mpMRI Prostate mpMRI

Fig. 1. An example of how the multiparametric MRI framework works when multiple pathologies are
analyzed [21].

In this study scientists applied mpRAD to several distinct clinical scenarios, from which one was
related to breast cancer. In this clinical breast cancer dataset was with one hundred and thirty-eight
patients with breast lesions, which were scanned using multi parametric MRI (mpMRI). The authors
were seeking to check if the frameworks can process multiparametric MRI data for improved
classification and quantification of tissue characteristics while addressing computational efficiency
and statistical validation. Fig 2 depicts the features of five different types of mpRAD systems, using
both first- and second-order statistical analysis. The left side shows the formation of normal breast
tissue signatures for damaged and healthy tissue. On the right side, the mpRAD features are outlined
as the first-order statistics of the radiomic tissue signatures, the probability matrix of the tissue
signatures, and the features of the covariance matrix of the tissue signatures, which assess the complex
interaction between different tissue signatures. The complex inter-parametric interactions are
estimated using the first-order statistics of the complex interaction network of tissue signatures as
well as the characteristics of the tissue attribute connection matrix. Two sorts of yellow arrows can
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also be seen. In this situation, straight arrows show lesion tissue, and curved yellow arrows indicate
glandular tissue.

Multiparametric MRI TSFOS En(ropv “  1sros Uniformity

Normal

ST f'"-\
5 g ﬁ{ & -
M ; &

TSPM Entropy

.

TSCM Entropy

Signature

o= & p
TSCIN Entropy . TSCIN Uniformity

Fig. 2. representation of five distinct types of mpRAD framework features using both first and second order
statistical analysis [21].

Using multiparametric radiomics analysis, iSoOSVM (a mix of Isomap and SVM), and statistical
analysis, the authors demonstrated substantial variations between multiparametric MRI, single
parametric radiomics, and multiparametric radiomics. Fig 3 shows one of the examples obtained. It
is also worth noting that the patients who participated in the study underwent a biopsy to confirm the
results. Of the 138 individuals, 97 had biopsy-proven cancer, while 41 had benign tumors. According
to the authors, the apparent diffusion coefficient ADC map and Pharmacokinetic contrast
enhancement parameters (PK-DCE) scores differed considerably between benign and malignant
tumors. Fig. 3 depicts single and mpRAD feature maps from a typical patient with a malignant tumor
in the upper extremity of the right breast and a benign-appearing cyst situated medial to the lesion
(curved yellow arrow). As stated by the researchers, the cyst appears equally visible on the T2 and
ADC maps, which is consistent with known MRI tissue features associated with cysts. The cyst is
likewise dark at T1 and has negative enhancement of contrast on the dynamic contrast enhanced DCE
images, indicating a lack of blood vessels. Furthermore, the lesion tissue looks heterogeneous on MRI
imaging, with lower ADC values and higher PK-DCE features. Individual radiological images
contain some textural elements, however when viewed alongside mpRAD radiological images, the
textural portrayal of normal and diseased tissue is significantly different. According to the researchers'
findings, the cyst has a lower entropy in mpRAD than in single radiological images. The cyst's
reduced entropy reflects the observation that a homogeneous structure has less clutter, resulting in
lower entropy. This is clear when inspecting a heterogeneous lesion with greater entropy levels. As a
result, mpRAD can discriminate between the qualities of healthy and injured tissues, allowing for a
more in-depth investigation of their structure and a comprehension of what modifications are
occurring in the human body [21].
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Fig. 3. Radiomic feature maps from a patient with a cancerous lesion were produced using both
single and multiparametric methods [21].

2019, Delta-radiomics, which is known as a revolutionary technique to medical imaging and
oncology was created. The initial research that introduced this notion cantered on using machine
learning approaches to examine changes in radiomic characteristics over time, particularly in response
to treatments like chemoradiotherapy. Several studies confirmed delta-radiomics' capacity to predict
treatment responses by examining the net changes in radiomic characteristics collected from
longitudinal imaging data of pancreatic cancer patients [22]. Since its inception, delta-radiomics has
grown in popularity and has been utilized in several trials to discriminate between pre-cancerous and
invasive diseases, to assess immunotherapy response, and to enhance the accuracy of predicting
cancer treatment outcomes [23]. Nasief H., Zheng C., and colleagues (2019) propose that variations
in radiomic properties over time on longitudinal images, known as delta radiomics, can be utilized as
a biomarker to predict response to treatment. The researchers verified the process's efficiency by
retrospectively evaluating daily non-contrast CT scans from 90 pancreatic cancer patients who had
standard CT and chemoradiotherapy. A total of 2 520 CT scans (28 daily fractions per patient) and
their pathological outcomes were examined. The study also involved ROI segmentation, which
yielded over 1 300 radiomic characteristics. The researchers used Spearman correlations to obtain
highly correlated delta-radiomic features (DRF). Results of correlation are depicted in Fig. 4. The
researchers utilized linear regression models to establish correlations between the selected DRFs and
pathological response, and the authors employed a t-test and linear mixed-effects models to identify
which DRFs showed a significant difference from the first portion.
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Fig. 4. The left image shows a Spearman ranking of delta-radiomics features, whereas the right image shows
a heatmap of the same features [24].

To create the liability prediction model, the researchers used Bayesian neural networks. The model
was trained on 50 patients using leave-one-out cross-validation. Linear regression models were
employed to find associations between specific DRFs and pathological reactions. The T-test and
linear mixed-effects methods were used to determine which DRFs differed significantly from the
initial proportion. A Bayesian neural network was used to build the liability prediction model. The
model was trained with 50 patients using leave-one-out cross-validation. The area under the curve
known as the ROC curve was used to evaluate performance. External verification was conducted
using data from the final 40 cases. The data revealed that 13 DRFs underwent the tests and showed
significant alterations after 2-4 weeks of treatment. The researchers found that the normalized
entropy, standard deviation difference, kurtosis, and roughness indices performed best in
distinguishing between positive and negative responders (CV-AUC = 0.94). The researchers believe
that with more research and larger data sets, delta radiomics might emerge into a biomarker for early
treatment response prediction [24].

Dynamic radiomics was discovered in 2021 as an expansion of classic static radiomics to incorporate
a temporal dimension in the paper "A new methodology to extract quantitative time-related features
from tomographic images" by Qu H., Shi R., and colleagues [25]. This concept appears to be quite
similar to delta radiomics, however there is one significant difference between the two techniques.
Delta radiomics, as previously discussed, examines changes in features between two discrete time
points (e.g., pre-treatment and post-treatment), whereas dynamic radiomics extract and model’s
continuous temporal changes from multiple time points to provide a more detailed assessment of
disease progression. The main reason for developing dynamic radiomics was to solve the limitations
of static radiomics in evaluating sickness progression. Cancer is a dynamic disease that evolves over
time, therefore static images are insufficient to depict the changes. In this paper, the researchers
present a novel dynamic radiomics feature extraction approach that uses time-dependent tomographic
images of a single patient, emphasizing changes in image features over time and characterizing them
as distinct dynamic characteristics for diagnostic or prognostic purposes. To compare the accuracy of
dynamic radiomics to static radiomics, investigator-selected dynamic features were tested in three
different clinical scenarios. Breast cancer axillary lymph node metastasis prognosis, colorectal cancer
liver metastasis gene mutation status prognosis, and neoadjuvant chemotherapy efficacy prognosis -
to evaluate the performance of the selected dynamic features to traditional 2D and 3D static features.
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The researchers applied a variety of machine learning techniques, including Feedforward Neural
Network (FNN), Random Forest (RF), Support Vector Machine (SVM), and Linear Discriminant
Analysis (LDA). The study also employed the Least Absolute Shrinkage and Selection Operator
(LASSO), which was utilized to select features, minimize data dimension, and evaluate the
effectiveness of ROC curve models. The Friedman test was employed to compare the performance
of different models (with the same type of dynamic features). In addition, a two-layer time-dependent
Recurrent Neural Network (RNN) model known as LSTM was created and compared to the study's
dynamic model. The LSTM model was applied to both the original images and the extracted image
features, which were processed using ResNet18 (pre-trained on the ImageNet dataset). The study
compared these different machine learning algorithms using various feature sets, such as static and
dynamic characteristics, to determine which combinations gave the highest accuracy for each of the
clinical prediction tasks. These findings revealed that models constructed using dynamic features
outperformed static models, especially if discrete features were included in analysis. As shown in
Fig. 5, the dynamic model outperforms the other two models by a wide margin, especially for breast
and bowel cancer cases, with accuracies of 0.9 and 0.8, but slightly below the neoadjuvant
chemotherapy case, where the accuracy is just 0.65. ResNEt18+LSTM results are mixed. It can be
observed that the neoadjuvant case has the highest accuracy, above 0.7, but it is possible to observe
that the results are more variable. The static model performs the worst in this study, since the accuracy
of all cases is below 0.7.

al

Accuracy

Fig. 5. Comparison of the accuracy of three models: dynamic, static, and ResNet18 + LSTM [25].

The combined use of radiomics and artificial intelligence has the potential to significantly improve
personalized and precision medicine, enhancing the latter's accuracy and decision-making process.
The combination of these complimentary approaches will open new possibilities regarding the
treatment of a variety of diseases, including early identification to personalized therapy planning [26].
One of the primary benefits of merging radiomics along with artificial intelligence is the development
of more accurate and reliable prediction models, which may lead to more frequent and dependable
use of prediction models soon for treatment of patients [27, 28]. Early and more precise diagnosis,
better risk stratification, and more informed treatment decisions can all lead to better patient outcomes
[29]. Integrating radiomics data with additional biomarkers such as genetic, clinical, and demographic
data allows Al-based predictive models to provide a deeper view of each patient's unique
characteristics [30]. This can help to build a fully personalized method for healthcare, with diagnostic,
prognostic, and therapeutic procedures adapted to each patient's unique traits [31]. However, in this
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situation, Al models offer both significant advantages and limits that must be addressed in the future.
One of the primary issues is that training effective models necessitates huge, high-quality databases,
which are frequently challenging to come by in the industry of medical imaging. There is also a risk
of overfitting, which occurs when models perform effectively with training data but badly on new,
untested data [32, 33]. Furthermore, the complexity and absence of disclosure of Al algorithms,
particularly deep learning models, make it challenging for clinicians to evaluate and trust the results.
Data privacy and security considerations impede the incorporation of Al into the therapeutic
environment since sensitive patient information must be secured. Finally, regulatory constraints and
the necessity for defined protocols may impede the use of based on artificial intelligence radiomics
in normal practice[34]. However, by addressing the root causes and devising solutions, as well as
incorporating artificial intelligence and radiomics as an essential tool for diagnosis into daily medical
practice, clinical choice-making and medical imaging could be elevated to new heights [35]. Medical
professionals and researchers can use quantitative imaging and powerful computational approaches
to open new paths for early disease identification, more accurate risk classification, and personalized
therapy planning. This will eventually lead to a more precise and personalized healthcare system. As
these fields progress, there is huge potential to enhance patient outcomes and transform healthcare
delivery [34, 36-38].

1.2. Steps of Radiomics process

Radiomics is the process of translating medical images (such as CT scans, MRIs, or X-rays) into
numbers with the intention to detect hidden patterns that clinicians may miss with the human eye.
Detailed features are retrieved from the images to define the texture, shape, and intensity of the tissue
or mass, which can aid in illness prediction, treatment response assessment, and patient
outcomes[39]. Radiomics analysis is a multi-step process (Fig. 6).
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Fig. 6. lllustration of Radiomics process workflow [40].
1.2.1. Image acquisition

Medical images are the outcome of a two-dimensional or three-dimensional imaging procedure
involving numerous modalities. Radiomics is dependent on both data source and modality (CT, MRI,
PET, etc.) [41]. Furthermore, acquisition of the exact same modality can differ based on the protocols
as well as equipment used. For example, MRI is very useful in the analysis of specific diseases
including soft tissue problems because it offers information about the structural characteristics,
functional metabolism, and dynamic alterations in tissues. At the same time, CT is the preferred
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imaging modality for examining structural alterations in organs and evaluating the impact of chemo
on patients. PET is well-known for its exceptional ability to assess the beginning stage, define the
entire tumor volume, and assess the response to treatment after therapy. Several factors influence the
acquisition of images and radiomic feature retrieval, including scanner hardware, reconstruction
settings, and acquisition parameters. Furthermore, diversity in images acquisition occurs even within
an identical modality, based on the tools and techniques used [39, 42].

1.2.2. Image preprocessing

Pre-processing of medical images is a critical step in the radiomics process, where medical images
are prepared for analysis, their quality is improved, and further processing tasks are ensured. The
medical image itself is the result of several processes, all of which contribute in different ways to the
overall result. Understanding that what radiologist’s study is not a real object, but only an image of a
real subject, can be crucial for the advancement of radiomics research. Medical images are usually
reconstructed using mathematical algorithms from raw data captured by physical detectors. This raw
data is the physical image of the subject, which is also monitored by the interrogation system, filtered
according to the detector characteristics and processed by all the devices in the digital acquisition and
transmission chain [40].

A variety of computational approaches are used to rebuild images. Filtered Back Projection (FBP) is
a technique extensively used in CT and PET that combines numerous projections and applies a
statistical filter to improve detail. While it is quick, it is sensitive to noise and distortion. Fourier
Transform-Based Reconstruction, which is used in MRI, employs the Inverse Fourier Transform
(IFT) to convert frequency-domain information into spatial-domain images. Iterative Reconstruction
(IR), used in CT, PET, and MRI, changes the image by continually comparing rebuilding data to raw
data, reducing noise and radiation dosage while enhancing computation [43, 44]. Deep Learning-
Based Reconstruction uses Al and deep learning models, such as convolutional neural networks, to
rebuild images from under-sampled or noisy datasets. Deep Learning-Based Reconstruction
combines Al with deep learning models, particularly convolutional neural networks, to reconstruct
images from undersampled or noisy information. This technique is utilized for low-dose CT, MRI,
and super-resolution medical imaging [45, 46].

1.2.3. Region of interest segmentation.

The computer vision approach known as image segmentation labels each pixel in an image to ensure
that pixels with the same label have certain traits in common [47]. In other words, the primary goal
of this method is to categorize every pixel in the image to group pixels that are comparable together.
In contrast to analyzing the entire image all at once, such granular technique enhances the image
analysis skills by concentrating on the pertinent portions of the image [48]. In the medical field in
particular, segmentation enables medical practitioners to draw attention to diseased regions or
anatomical features in an image, facilitating more precise image evaluation and interpretation.
Segmentation can be used to determine the extent of a tumor, track its development, and evaluate
how it responds to treatment [49]. Segmentation can assist surgeons in planning procedures and
enhancing the precision and effectiveness of surgical care by evaluating intricate anatomical data.
Image segmentation is employed as well in radiotherapy to precisely define the target regions and the
surrounding healthy tissue to calculate the radiation dose [50, 51]. Several different methods can be
used to segment medical images. The simplest technique is manual segmentation, which is done by
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skilled professionals by precisely identifying the zones of interest. Excellent anatomical expertise and
previous experience are required for this procedure. Segmentation that is semi-automatic is thought
to be marginally better. With this approach, automated processes are first used, and then manual
changes are made. It combines the benefits of both human expertise and automation. Advanced
algorithms are used in the automatic segmentation approach to automatically define and identify
regions of interest eliminating the need for human interaction. Its tremendous efficiency is one of its
defining characteristics [52].

To accomplish accurate and consistent segmentation in medical imaging, different computational
algorithms have been created developed over time, each one having its own strengths and limitations.
Traditional segmentation methods in medical image analysis include thresholding, edge detection,
region-based, clustering, and graph-based techniques. Thresholding converts grayscale images into
binary by setting intensity thresholds, with global and local variations adapting to different lighting
conditions. Edge-based segmentation detects object boundaries through first- and second-order
derivative operators. Region-based methods, such as Seeded Region Growing and Split-and-Merge,
segment images based on pixel similarity and spatial proximity. Clustering-based segmentation
groups similar pixels using hierarchical or partitional clustering, including k-means and fuzzy
c-means. Lastly, graph-based approaches, like Minimum Spanning Tree and Graph Cuts, represent
images as graphs to optimize segmentation by minimizing edge weights. While effective, these
techniques often struggle with complex medical images, requiring more advanced approaches for
improved accuracy [53].

1.2.4. Feature extraction.

In radiomics, feature extraction refers to the methodical process of calculating a variety of quantitative
characteristics from biomedical images following their segmentation into distinct areas of interest.
These quantitative properties are derived using the pixel (2D) or voxel (3D) intensity values found in
medical imaging, which represent the grayscale level or intensity of tissue at certain spatial locations.
The numerical values obtained during this method serve as the foundation for assessing tissue
heterogeneity and other critical properties that may reveal information about its biological behavior
and medicinal implications [54, 55].

Since various characteristics associated with the tissue or lesion might provide insight into its
biological behavior and its medical ramifications, the goal is to document them [56]. Given the
meaning of radiomic characteristics, most of them do not exist in radiologists' lexicon. In this setting,
it needs to be noted that radiomics represents a hypothesis-free technique. This means that no a priori
assumptions are made about the clinical importance of the characteristics, which are determined
automatically by image processing algorithms designed by specialists. The approach's goal is to
identify previously undetected visual patterns employing these diagnostic, non-semantic elements
and then classify them based on their most discriminative ones, which is also known as the
construction of a radiomic signature. This process is defined by two types of radiomic characteristics:
traditional and deep features [57]. Traditional characteristics are predetermined or developed by
image processing professionals and can be classified into five categories: size, shape, first-order
statistics, second-order statistics, and high-order statistics. Table 1 shows some of the traditional
radiomic properties.
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As can be observed, there are five distinct sets of attributes. The size and form characteristics indicate
the geometric parameters of the area of interest. First-order statistics, derived from pixel or voxel
intensity values, capture intensity distribution metrics such as energy, entropy, skewness, and
kurtosis, which describe tissue grayscale properties. Second-order features reveal textural patterns
and structural structure by examining interactions between neighboring pixels or voxels, which are
commonly represented by matrices such as the gray level co-occurrence matrix, run length matrix,
and size zone matrix. Higher-order features use sophisticated transformations to determine links
between numerous pixels or voxels, resulting in more detailed structural data [58, 59].

Table 1. Traditional Radiomics features [60].

Feature . First-order Second-order High-order
category Size Shape statistics statistics statistics

o Area ¢ Elongation  |e Energy Gray level: o Autoregressive

e VVolume e Flatness e Entropy e Co-occurrence model
Radiomic |* Maxi_mum e Sphericity  |e 10" percentile matrix e Haar wavelet
features 3D diameter |e Spherical e 90" percentile  |® R_un length mat_rlx

e Surface area | disproportion |e Skewness e Size zone matrix

e Major/minor o Kurtosis

axis length

The second type is deep features, which have gained significant popularity with the rapid
advancement of deep learning algorithms. These algorithms automatically generate and select
features within their own layers to accomplish a specific task, eliminating the need for additional
human intervention. Scientific studies suggest that deep features outperform traditional
features [58, 60, 61].

1.2.5. Feature analysis

Feature analysis is the systematic process of locating, extracting, and assessing significant features
from data to improve machine learning and image processing performance. This comprehensive
method focuses on identifying the most informative features for applications such as classification,
segmentation, and pattern recognition [62]. By removing duplicate or unnecessary variables, feature
analysis improves model performance while minimizing computational complexity and algorithm
training time. LASSO, Random Forest, SVM, and Logistic Regression models tend to be used for
similar tasks [58, 63, 64]. Performance indicators such as accuracy, precision, specificity, sensitivity
and AUROC are used to evaluate model robustness [65].

When data sets are limited, the model can be overfitted. In this case, additional data generation
techniques can help, such as adding random functions to the data or generating synthetic data using
SMOTE [66]. This can help to train and generalize the model. It is also important to mention that
many redundant features can also lead to overfitting, where the model captures noise rather than
significant patterns, resulting in poor prediction results. In this instance, approaches such as PCA
(Principal Component Analysis), LDA (Linear Discriminant Analysis), or feature selection methods
(e.g., mutual information, recursive feature deletion) might aid in dimensionality reduction, resulting
in a balanced dataset [67].
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In the radiomics workflow, a thorough understanding of machine learning algorithms is required to
choose the best strategy for a specific dataset, as the performance of different algorithms varies based
on the nature and structure of the data.

1.3. Fundamental limitations and potential improvements in the Radiomics process

The future of radiomics in medical physics has a huge potential to change the way diseases are
diagnosed, treated and monitored, especially in oncology, but also in a wide range of other medical
fields. Advances in data science, machine learning and imaging technologies will further propel
radiomics to become a key component of personalized medicine. While radiomics is a fast-developing
duo of science and artificial intelligence, it also faces several challenges that could shape the evolution
of science. The content of this section will go over the major issues and limitations of this science, as
well as how they may influence the future of radiomics in the quickly evolving world of artificial
intelligence and technology.

1.3.1. Lack of Standardization

A current limitation of radiomics is the lack of uniformity in medical image processing procedures.
Researchers Cobo M., Fernandez-Miranda P. M., Bastarrika G., Iglesias L. L. conducted a review of
current image processing and combination techniques, together with the limitations of radiomics, and
argue that standardization of medical imaging standards and procedures is necessary for the proper
operation of radiology and CT systems. According to the researchers, standardization is hampered
mostly by two factors: mathematical definitions of radiomic characteristics and medical images. For
example, there is currently no standard mathematical description of radiomic properties. Medical
images, on the other hand, are based on physical markers but capture the same phenomenon (illness)
in different ways depending on the technique utilized and the patient. Although the latter issue cannot
be eliminated, it can be lessened by standardizing the machines, which is accomplished by
establishing the same imaging parameters according to standard protocols. The scientists are also sure
that implementing standard methods will help to reduce radiation dose [68].

According to Li X. T. and Huang R, the rapid development and use of radiomics models has resulted
in a lack of a uniform methodology for analysis and reporting. In their publication, the researchers
review the reproducibility and repeatability of radiomics models for cancer monitoring and provide
details on image processing and feature extraction in the several studies that have been performed so
far. Although most researchers apply cross-validation or independent validation datasets to verify the
repeatability of trained radiomic models, their generalizability may be hampered if used to datasets
that differ significantly from the ones used for training and validation. Developing and implementing
standard data collection methods can help minimize the variances limiting generalizability [69].
According to the authors, the biggest issues stem from discrepancies in imaging equipment, making
it impossible to standardize. To eliminate these disparities, standard methods have been devised, such
as the Brain Tumor Imaging Protocol (BTIP) for magnetic resonance imaging [70]. IBSI-compliant
software solutions such as PyRadiomics and RadCaT help to achieve uniform differentiation of
radiomic features. Nevertheless, significant functional differences exist across the various software
systems, emphasizing the need for additional standardization. According to the scientists, open access
datasets, like the Cancer Image Archive, help greatly to standardization by increasing model training
and validation. However, achieving uniformity across all stages, from acquisition to processing,
remains a challenge.
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1.3.2. Small and Heterogeneous Datasets

Machine-learning models for prediction based on specific patient characteristics have the potential to
significantly enhance patient outcomes prior to or during therapy. The latter models assist in
improving tailored treatment decisions, which can lead to enhanced patient results [71, 72]. Over a
decade of research has demonstrated that radiomics can offer prognostic data regarding patients'
illnesses [73, 74]. Despite encouraging outcomes, radiomics presents a hurdle in gathering and
accumulating sufficient (large-scale) imaging data. This is due to technological changes, a lack of
protocol standardization, and variances between institute organizations and protocols. Imaging data
obtained at a single organization often ends up in a more uniform dataset, such as images captured
with identical settings using the same scanner. However, due to the dataset's homogeneity, such a
model may fail to successfully include diverse data from outside sources [75]. Timmeren J., Carvalho
S., and colleagues performed a study to demonstrate the possible issues that can arise during a
retrospective multicenter investigation analyzing cohort and clinical features when the available
dataset is small and varied. In this study, researchers used PET along with CT images from non-small
cell lung cancer (NSCLC) patients who had 18F-fluorodeoxyglucose (FDG) PET/CT scans prior to
and during chemotherapy to identify and assess the radiomic potential to detect and predict early
response. As the researchers point out, PET/CT images obtained during therapy are not commonly
accessible in clinical practice, hence the dataset contains an insignificant number of medical images.
However, to perform the study, the scientists gathered the information from three distinct institutes,
allowing them to obtain small subgroups, resulting in a diverse dataset. During the investigation,
variations among cohorts were evaluated based on clinical variables and the cohort difference model.
A LASSO regression model was also utilized to analyze the possible predictive influence on the
general survival of radiomic characteristics from CT or FDG-PET, as well as relative or absolute
variances among scans at two time periods. In addition, the effectiveness of five alternative classifiers
was tested across all image sets. The results revealed that patient characteristics differed significantly
between groups. Additionally, the cohort's difference model revealed statistically significant
variations between the cohorts. Either LASSO or any of the investigated classifiers generated a
clinically acceptable model for prediction that could be verified against the given datasets. In other
words, the study's models cannot evaluate the probable link between radiomic characteristics in FDG-
PET/CT medical imaging and overall survival. The researchers believe that this outcome was
impacted by a lack of data as well as the various patient features. This study cannot establish the
accuracy of prediction models, yet it does demonstrate the need for cohort estimate when data is
obtained from several institutions [76].

When dealing with medical image datasets, frequent obstacles typically appear by class imbalance or
lack of data. The reasons for these issues remain in the relatively low incidence of illnesses,
difficulties in acquiring images that meet, or issues associated with the difficult and laborious tasks
of image labelling and segmentation [77]. Imbalanced or smaller data sets may exert a severe impact
on machine learning model performance, resulting in overfitting, biased outcomes, and erroneous
results. Therefore, it is critical to address these difficulties while developing ML models. Scientists
lacono F. L., Maragna R., Pontone G., and Corino V.D.A. noted that when working with a limited
number of samples, data augmentation procedures are typically utilized on the data used for training
to reduce the danger of overfitting [78, 79]. The researchers' major goal was to offer a new way of
balancing and data augmentation that used disruptions like dilatation, contour randomization, or
erosion in the regions of interest of cardiac CT scans. Radiomic features were extracted from the
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altered ROls, resulting in new data. This method has been tested to solve the clinical challenge of
separating cardiac amyloidosis (CA) from aortic stenosis (AS) and hypertrophic cardiomyopathy
(HCM). The study sample comprised of 74 patients: 21 CA, 32 AS, and 21 HCM. During the
investigation, the researchers extracted 107 radiomic characteristics from each original and distorted
ROI. The CA-AS dataset had been balanced using a perturbation-based technique that included
random oversampling, adaptable synthetic (ADASYN), and synthetic minority oversampling
(SMOTE). The same approaches were used for CA and HCM dataset augmentation. Features were
tested for reliability, redundancy, and significance using five feature selection approaches (least
absolute shrinkage, p-value and selection operator (LASSO), semi-supervised LASSO, principal
component analysis (PCA), and semi-supervised PCA). A SVM conducted the classification tasks,
and its performance was tested using tenfold cross validation. The results showed that the
perturbation-based method outperformed the other methods in terms of F1 score (CA-AS - 80%; CA-
HCM - 86%) and balanced accuracy (by evaluating area under the curve AUC) (CA-AS - 0.91; CA-
HCM - 0.92). Thus, the researchers' findings show that ROI perturbation is a viable strategy for
addressing data rebalancing and data augmentation challenges.

1.3.3. Reproducibility and Validation

Reproducibility refers to getting the same results while performing radiomics analysis under similar
settings, which is critical for ensuring the reliability, validity, and clinical relevance of radiomics-
based models. If radiomics features and models are not reproducible, they cannot be used in real-
world medical applications. Poor repeatability can be due to a variety of variables, including imaging
variability, artifacts from patient mobility, image processing approaches, alternative segmentation
methods, and the software used to extract radiomic characteristics [80, 81]. In a review article, authors
Park J. E., Park S. Y., and colleagues discuss the primary issues associated with repeatability and
feature selection. One of the most significant issues is the reproducibility of segmentation, which is
regarded as the most crucial and difficult stage in the radiomics process. As the authors suggest,
because radiological characteristics are taken from regions of interest in medica images, variations in
segmentation (manual, semi-automated, or fully automatic) might result in significant variances in
feature extraction. According to the scientists, irregular segmentation might cause changes in feature
values, which can compromise the validity of radiomics-based models. The study found that semi-
automatic segmentation had greater reproducibility of the extraction of features (ICC, 0.85 + 0.15)
than manual segmentation (ICC, 0.77 + 0.17). Nevertheless, despite semi-automatic segmentation,
radiomic feature repeatability is not optimum, necessitating more automated segmentation
improvements. Researchers also propose the fact that reproducibility of segmentation might differ
based on the type of cancer. The researchers also emphasize the importance of computational
considerations such as feature extraction, bias management, intensity range, and bin discretization in
improving the repeatability of radiomics features across multiple imaging modalities. The researchers
found that grey-level discretization had significant effects on the reliability of the features in perfusion
CT, while the effect was comparable but less noticeable in PET. MRI was extremely sensitive to
preprocessing adjustments, with no feature achieving a consistency correlation coefficient (CCC)
larger than 0.85 across 33 investigated voxel sizes, grey-level discretization, and quantization
approaches. MRI was extremely sensitive to preprocessing adjustments, with no feature achieving a
CCC larger than 0.85 across 33 investigated voxel sizes, grey-level discretization, and quantization
approaches. Furthermore, the study revealed that discretizing PET scan values into 64 bins, an
instance of overbinning, did not enhance predictive information, indicating that excessive binning
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does not necessarily improve predictive performance. As a result, an appropriate balance of
computational effectiveness and feature reliability must be maintained, as raising the bin size beyond
a particular threshold does not necessarily provide extra diagnostic value [82].

Researchers Thomas H.M.T., Wang H.Y., and others investigated methods to determine whether
radiomic qualities are stable and reproducible. According to the researchers, the reproducibility of
different test results has been a source of contention for some time [83]. In their study, the researchers
attempted to investigate the reproducibility of CT texture characteristics used in radiomics through
the comparison of two feature extraction applications, using the MATLAB toolbox and PyRadiomics,
applied to independent patient CT scan datasets. The researchers employed two datasets for the study:
the first had medical images of 31 individuals diagnosed with lung cancer, and the other contained
137 patients diagnosed with head and neck cancer. The medical images used in this investigation
were manually segmented. The 43 standard characteristics of radiomics accessible through MATLAB
and PyRadiomics were derived utilizing two intensity level quantization approaches, both with and
without an intensity restriction. Following that, both examples were ranked for every characteristic
over all quantization parameter combinations, and the Spearman's rank factor was determined.
Reproducibility has been defined as the degree to which a highly correlated variable in one dataset is
also highly correlated in another, and vice versa. The researchers discovered that out of the 43
radiomic features presented, 29 were highly reproducible across both MATLAB and PyRadiomics
applications. 18/43 of the radiomic features reported were shared by both datasets, implying that they
might be independent of the precise location of the malignant tissue. The researchers believe that
significant radiomics features should be chosen based on reproducibility, and that the set of features
used in their study, as well as the proven methods for analyzing dataset reproducibility, are beneficial.

1.3.4. Clinical integration

Numerous measurement methods are used in healthcare nowadays to help discover illness
characteristics that physicians are unable to find through manual inspection. Imaging techniques span
most of the range of biological activities that may be observed, from the entire body to individual
molecules. By directly quantifying the tumor's imaging phenotype at a spatial scale that does
not exceed the spatial resolution of the imaging modality used, radiomics aims to offer surrogate,
associated knowledge of various aspects of the disease, such as tumor grade, histological and
inherited subtype, and predicted outcome. Although most research fails to consider the biological
foundation of the implicit correlations that enable radiomic predictions, these features demonstrate
the changes that take place at various scales in radiomic data. In 2021, researchers M.R. Tomaszewski
and R.J. Gillies published a report outlining a significant recent effort to biologically validate
radiomics results. Gene expression data, expression of proteins from immunohistochemistry staining,
micro histological texture, and physiological tumor habitat are the four primary categories of
biological correlations and techniques that are utilized to inform the biological foundation of
radiomics. Based to scientists, in a conventional radiomic pipeline, an indicator of outcome produced
and validated in an independent training set can then be investigated for its link with a specific
biological measurement such as gene expression. This method has the potential to improve the model
by informing the likely outcome prediction procedure retrospectively. Conversely, biological
correlation can be employed freely for model construction, leading in a radiomic signature which is
inversely related to outcome due to the biological connection, such as tumor oxygen deprivation's
negative prognostic value, as demonstrated in the studies. Although both techniques provide valuable
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confirmation as well as understanding of tumor biology, the following approach's more hypothesis-
driven approach may be more objective for outcome analysis. Contrary to the scientists, many
radiomic studies have failed to verify their findings beyond using an independent test sample. This
tendency adds to low reproducibility and limited impact. Scientists propose that, as the value of
biological information in radiomic signatures becomes more widely recognized, a uniform validation
process be developed and applied across the radiomics community. Moving forward, all published
studies should seek to include such analysis, either during model creation or later verification, to
propose an assumption for the biological procedure behind the observed correlation. This will enable
the explanation of the biological factors in front of the findings to emerge into an area of standard
that will be enforced through the peer-review process [84].

The future of clinical integration and the use of radiomics in medical practice is predicted to change
substantially as technology advances, standardization efforts, and a greater focus on individualized
medicine. Majumder S., Katz S., Kontos D., and Roshkovan L. in 2024 have presented their
perspectives on radiomics and key steps toward integrated healthcare. According to the researchers,
radiomics' goal is to easily integrate into clinical workflows and supplement radiological
interpretation with quantitative measures. Another essential role of radiomics is to support
radiologists by offering high-quality imaging interpretations rather than replacing them. According
to the researchers, radiomics holds significant promise not only for screening, diagnosis, and
prognosis, but also for predicting and assessing therapy responses. Machine learning or deep learning-
assisted radiomics can provide treating clinicians with a better understanding of disease
heterogeneity, progress, and therapeutic response on an individual level, allowing them to develop
focused treatments—a step toward precision medicine. This is especially interesting in regions with
diverse diseases like cancer. As a result, it is critical that academics, developers, and physicians work
together to implement this technology into clinical practice. [85]

1.3.5. Overfitting in Machine Learning Models

Overfitting can be a significant challenge in machine learning, especially overfitting is a significant
difficulty for machine learning, particularly in radiomics. This problem occurs when the model over-
learns the training data, catching noise and outliers instead of frequent patterns, resulting in poor
performance with unknown data. Overfitting in radiomics hampers the transition from research to
clinical use. High dimensionality is a significant source of over-application. This could lead to a
"small-n-large-p™ conundrum, in which the number of features (p) greatly exceeds the number of
samples (n). This condition increases the risk of overfitting, as the models may become too intricate
for the available data [86]. The model's complexity may also be a significant contributor to overfitting.
Complex models, such as deep neural networks, are powerful but susceptible to overfitting if not
properly tuned. It is worth noting that feature oversampling adds to model overfitting [87]. It is
already clear that researchers are willing to try new approaches to limit abuse of the model. The most
common way is to try to incorporate strong cross-validation techniques into the model to better
measure its performance. Cross-validation is regarded to be particularly helpful since it effectively
separates the training and validation datasets, reducing bias in performance predictions [88]. There
are also several publications in the literature that suggest that employing a larger dataset, which
provides a wider range of training samples, can help to prevent model overfitting. Studies have shown
that having at least 10 000 examples can considerably lower the danger of overfitting. However,
gathering enormous databases of medical images is incredibly difficult [89]. Furthermore, by
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efficiently choosing features and thereby minimizing the size of the research, the model's performance
can be improved. Researchers can limit the likelihood of overfitting by focusing on the most relevant
characteristics. Principal component analysis (PCA) and LASSO regression are typical techniques
for feature refinement[90].

Radiomics application in the clinical setting future depends on machine learning and its ability to
reduce overfitting. Standardized imaging methods and feature extraction approaches may finally
solve the problem of model overfitting. This may improve the repeatability and reliability of all
examinations, hence boosting the model's generalizability [88, 90]. Further research into advanced
machine learning methodologies, such as unsupervised learning and transfer learning, is expected to
lead to new methods for generating robust models that are relevant to a wide range of patient
populations and imaging modalities [87].

1.4. Radiomics in Medical Physics field

Radiomics is a rapidly growing topic in medical imaging that focuses on extracting a wide range of
quantitative information from medical images using powerful algorithms. This technology seeks to
show the patterns and features of tumors that may not be visible to the human eye, thereby improving
clinical decision-making and tailored medicine [91]. The standard radiomics procedure typically
includes acquiring or retrieving images, determining the area or volume, extracting quantitative
characteristics of the image from the determined, such as shape, size, or texture parameters that are
performing statistical analyses on the image features, and assessing any possible relationship among
the radiomic features and a significant clinical endpoint [92]. Scientists Wagner, M. W. Namdar K.,
Biswas A., Mohani P., and Ertl-Wagner B. used radiomics for several purposes, including diagnosis
and prognosis. As a result, the output may be a class label, such as tumor subtype, a risk score, such
as response to therapy, a time to events in survival evaluation pipelines, or even features designed for
use in a hybrid pipeline. According to the researchers, radiometric analysis pipelines can incorporate
a range of models. Support vector machines (SVMs), random forests (RF), and forward neural
networks are the most used categorization algorithms. According to the research authors, tree-based
models are frequently used to categorize tabular data, such as radiomics. A random forest is made up
of decision trees, that consist of simple nested if-else statements. These trees segregate the data based
on the threshold and numerical value of a feature. However, decision trees are vulnerable to
overfitting, which can be mitigated by mixing numerous decision trees to form random forests. In
contrast, XGBoost is a boosting-based strategy that progressively builds decision trees to lower prior
trees mistakes [93].

Radiomics is a promising area of research that extracts quantitative data from medical images. In
other words, radiomics measures tissue and lesion properties, such as homogeneity, which can help
to address a clinical condition alone or in combination with other medical elements. The most crucial
aspect of this procedure is that it enables the non-invasive measurement of tissue alterations [94].
Researchers Jin D., Ni, X. and their colleagues utilized the radiomics approach to assess the
effectiveness of dual-layer computed tomography (DLCT)-based radiomics in predicting epidermal
growth factor receptor (EGFR) mutation status in patients with non-small cell lung cancer (NSCLC)
[95]. The researchers used DLCT scans and medical records from 115 individuals suffering from
NSLPV who were retrospectively collected and randomly allocated to the training cohort. The
algorithm's training dataset included 81 patients, whereas the validation dataset included 34. The
researchers used LASSO reduction of dimensionality method to create a radiomics model based on
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DLCT's radiological properties. The medical and CT data were then combined to create a clinical
model. A nomogram was then created by integrating radiomics scores with clinical variables. The
researchers employed ROC and DCA curves to evaluate the models' performance and clinical
relevance. In the decision-making stage, only six radiomic characteristics and two clinical
characteristics were fitted to the model and tested to determine the outcome. The radiomic model,
clinical model, and nomogram had AUCs of 0.909, 0.797, and 0.922 in the training dataset, and 0.874,
0.691, and 0.881 in the validation dataset, respectively. The findings suggest that the area under the
curve (AUC) for a nomogram and radiomics models were much higher compared to those for the
medical model, but the researchers did not detect a statistically significant difference. Lastly, based
on the DCA, the scientists determined that the nomogram provided the highest therapeutic benefit at
the majority of threshold levels (Fig. 7).

(a) DCA - Training dataset (b) DCA - Validation dataset

0s
05

—— Cinical mode| = Clinical model
Radlomics model
—— Nomogram
Al
—— None

04
04

03
03

02
02

Net Benafit
Net Benafit

01

00

f T T T T T T 1
00 0.2 04 06 08 1.0 00 02 04 06 08 10
High Risk Threshold High Risk Threshold

1100 14 23 32 4 100:1 1:100 14 23 32 4 100:1
Cost:Benefit Ratio Cost:Benefit Ratio

Fig. 7. DCA of prediction models built from training and validation datasets (a, b) [95].

Based on these findings, the researchers propose that a nomogram that combines clinical
characteristics and pre-treatment radiomic features obtained through DLCT could aid in the non-
invasive assessment of the EGFR mutation status of NSLPV participants.

Renal cell carcinoma, also known as RCC, is the most frequent kind of cancer of the kidneys, causing
around 2% of total cancer fatalities globally. A local tumor has a 5-year survival rate of 93%, but this
lowers to 75% if it spreads to lymph nodes or other regions of the body, and to 18% once it spreads
to the whole. Individuals with pure cell RCC (ccRCC) have a poorer prognosis compared to those
with other histological subtypes [96]. Researchers Nazari M., Shiri 1., and Zaidi H. created a
radiomics-based ML model that uses extracted radiomic features and clinical information to predict
the 5-year mortality rate of patients with renal cell carcinoma with clear cells (ccRCC), which spreads
to lymph nodes and other body sites. Based on the results, the authors conclude that people with clear
cell RCC experience poorer outcomes than individuals with other histological subtypes. The
researchers chose 70 ccRCC patients for CT scans throughout the investigation based on images
quality and the availability of diagnostic data. Each image was segmented using 3D slicer software,
and the VOI was manually segmented. Prior to obtaining feature information, the CT images had
been processed to extract several images features, including wavelets, Gaussian Laplace, and intensity
values regrouping into 32, 64, and 128 bin levels. Each VVOI yielded 2544 3D radiological parameters
for each subject. The approach of minimal redundancy and maximum relevance was implemented for
feature selection. Combining radiomic properties and clinical information, the XGBoost model was
the best of the eight unique models. This is supported by the efficacy metrics AUROC, accuracy,
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sensitivity and specificity, with 95% confidence intervals of 0.95-0.98, 0.93-0.98, 0.93-0.96 and 1.0,
respectively. Based on this model, scientists developed a powerful radiomics-based classifier capable
of accurately predicting the overall survival of RCC individuals as well as the long-term outlook of
ccRCC patients. This feature, according to the academics, may aid in finding people at greater risk
who require additional treatment and follow-up regimes.

In recent years, both mortality and incidence rates from breast cancer (BC) have increased annually.
In the United States, an expected to 313 510 new cases of breast cancer will be identified in 2024,
including 310 720 women and 2 790 males [97]. Infiltrating breast cancer (IBC) is one of the most
frequent types, accounting for 80% of all diagnoses. It is a tumor that develops as malignant epithelial
cells that reside in the breast and is the most common pathogenic type of BC [98, 99]. When identified
in the late stages, there is a substantial risk of metastasis. The recurrence rate following treatments is
elevated, and the outlook for recovery is poor. As a result, early detection and treatment of IBC are
critical for improving survival rates for patients and changing the disease's trajectory. Breast cancer
is a highly varied illness, and traditional histological classification does not adequately capture its
underlying biology and molecular properties [100]. Here and now, BC is diagnosed mostly through
histological investigations, such as biopsy using a needle or surgical tumor removal.
Immunohistochemistry, also known as IHC and Fluorescent in Situ Hybridization, known as FISH,
are still regarded as the highest-quality benchmarks to identify BC biomarkers and for recognizing
abnormal molecular subtypes. However, pathological approaches have some disadvantages,
including invasiveness, surgical problems, low repeatability, extended wait periods, and high
subjectivity. Most significantly, due to BC's internal heterogeneity, a single- or multiple-point
sampling is limited to representing a portion of the tumor and is insufficient to assess the genetic
phenotype as well as other molecular biological states across the tumor. Therefore, technologies are
needed that allow non-invasive, extensive and advanced monitoring of the biomolecular properties
of the tumor to distinguish molecular subtypes of IBC before surgery. In response to the need for such
atool, researchers Liu H., Xia H. and their colleagues aimed to develop a two-dimensional ultrasound
radiological model for non-invasive differentiation of the four different molecular subtypes of IBC,
thus providing a new and rapid approach for the early diagnosis of patients with IBC and a basis for
clinicians to develop individualized pre-operative diagnostic and therapeutic strategies [101]. This
study comprised a retrospective review of 210 patients diagnosed with IBC at the same hospital
between May 2019 and February 2024, using either surgical or needle biopsy pathology. Patients
were permitted to participate in the study if they were diagnosed with a pathological diagnosis of IBC
with IHC and/or FISH results along with all clinical and laboratory findings, had only one lesion, had
an ultrasound examination within 2 weeks before surgery, and had not received neoadjuvant
chemotherapy or any other treatment. The ultrasound images in the investigation were standardized
with high-frequency probes. ITK-SNAP was used for image segmentation, and the specialist program
Ultrasomics-Platform was used to extract tumor features. To prevent uninformative features,
scientists utilized a variety of methods, including LASSO and random forests, to guarantee that the
extracted feature dataset was useful and not redundant. The radiomics models were built and
optimized using ten distinct machine learning classification algorithms, including k-nearest
neighbors, logistic regression, naive Bayes, decision tree, support vector machines, bag-of-feet,
random forests, ultra-random trees, AdaBoost, and gradient boosting trees. These classifiers were
trained with the best selected features, and the models' accuracy was tested using a five-fold cross-
validation procedure. To evaluate their effectiveness, the models were validated with the validation
set and assessed based on ROC as well as AUC values. The models constructed revealed that 39, 25,
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and 19 optimum features were chosen from the 5 936 features recovered to discriminate both luminal
and non-luminal, luminal A and luminal B, HER2 overexpression, and triple-negative (TN) subtypes,
respectively. The models' performance reveals a distinction between luminal and non-luminal
regions, with a model training AUC of 0.901 and a model validation AUC of 0.752. In terms of
separating Luminal A and Luminal B, the training model's AUC value is 0.931, while the validation
AUC is 0.773. In terms of separating Luminal A and Luminal B, the training model's AUC value is
0.931, while the validation AUC is 0.773. Higher values can be seen in both HER2 overexpression
and TN feature separation compared to other compared pairs. The training and validation models are
capable of discriminating HER2 and TN characteristics with high accuracy, as evidenced by AUC
values of 0.962 and 0.842, respectively. Thus, based on the researchers' findings, it can be inferred
that the models exhibited good discriminatory performance, particularly in distinguishing HER2
overexpression from TNBC, although differentiating between luminal A and B was more challenging
due to overlapping characteristics.

Cancer is distinguished by quickly dividing aberrant cells and significant heterogeneity, which
influences therapy response and clinical outcomes. Metastatic spread is a leading cause of cancer-
related fatalities, leading to lesions of varying genotypes and morphologies, making therapy
extremely difficult [102]. Soft tissue sarcomas (STS) are cancers that affect the body's connective and
supporting tissues, for example muscles, tendons or ligaments. They are highly rare and difficult to
treat. Individuals with advanced or metastatic illness have a very low survival rate [103]. In the
therapy of this malignancy, radiographic evaluation for therapeutic efficacy becomes critical to
replace failed treatments with alternative, perhaps more active therapies. Radiomic characteristics are
especially useful for this assessment because the spatial grouping of increased and not
increased voxels that histologically distinguish viable and necrotic tumor components. Individual
malignant tumors with distinct metastases may have different features and respond differently to
anticancer treatment, although having the same histological classification. Therefore, researchers
Geady C., Abbas-Aghababazadeh F., and colleagues conducted a study to investigate the utility of
radiomic biomarkers to predict lesion-specific responses to therapy in individuals with multi-
metastatic leiomyosarcoma [104]. The study involved 80 patients who had at least one lesion. The
amount of contour lesions per patient varied from 1 to 11, however 54 of the 80 individuals had two
or more, bringing the total number of contour lesions included in the study to 202. Using segmented
CT scans, 6 592 radiomic features were acquired. However, 1 452 characteristics were removed after
examining segmentation reliability. Furthermore, after evaluating the radiomic features with a
volume as well as coefficient of correlation threshold of 0.20, the finalized dataset contained 32
features. The study employed "RepeatedStratifiedKFold” to evaluate the relative prediction
performance of LM volume categories. The lesion-specific radiomic models had up to 4.5 times more
predictive power than the classifier without skill, with the best accurate model having an AUPRC of
0.70 (FDR = 0.05). The accuracy varied according to the drug utilized and the LM volume. According
to the researchers, using radiomic characteristics to predict lesion-specific therapy responses is an
innovative approach. Recognizing the biodiversity in metastatic subclones can be used to assess
treatment response, potentially facilitating management options involving selective ablation of
resistant clones during systemic therapy.

Despite cancer diagnosis and treatment constantly improving, there nevertheless remain diagnostic
regions where it is extremely difficult to accurately detect disease development. Head and neck
cancers (HNCs) are a complex group of malignancies that present significant diagnostic
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challenges [105]. Skull base malignancies are notoriously difficult to collect samples and diagnose,
and because they grow slowly, patients typically do not have symptoms until the final stages. Because
of the skull base's distinctive and convoluted anatomical structure, surgeons are frequently unable to
determine the type of tumor and the area of resection earlier than surgery. Despite the complexity of
the diagnoses, scientists have lately conducted study on radiomics in HNC diagnosis. Experts can
create models that more accurately describe tumor growth and development by analyzing enormous
amounts of clinically relevant data, allowing patient-specific and sequential therapy. The scientists
Peng Z., Wang Y., Jiang S., Fan R., Zhang H., and Jiang W. released a paper where they reviewed
and established the concepts and procedures of radiomics and machine learning, along with their
current uses in head and neck cancers, as well as the guidance and applications of artificial
intelligence to the therapy and diagnostics of HNC. According to their findings, the scientists
collected imaging features from MRI scans of 85 individuals in the training sample and demonstrated
that an MRI radiomics pattern could distinguish stage I11-1V squamous cell carcinoma of the head
and neck from stages I-1l HNC carcinoma of squamous cells. As a result, it indicates that radiomics
may become an important tool for preoperative staging. Radiomics is the extraction of relevant,
guantitative data from medical images that can be combined with other common predictive factors
such as clinical setting, tissue molecule markers, and morphological characteristics. Several studies
have shown that a model of prediction based on imaging and other data is more effective at predicting
sickness and survival. Machine learning has been shown to be an effective method of statistical
analysis required to correctly produce and use massive amounts of high-dimensional data. The type
of data as well as the investigation's purpose dictate the modelling approach utilized. The category of
data and the purpose of the inquiry dictate the modeling approach utilized. Popular machine learning
algorithms include, random forests (RF), logistic regression, Bayesian models, support vector
machines (SVMs), and, more recently, deep learning. According to the study's authors, the technique
has been widely used in the building of many prediction models for HNC [106].

This chapter presents a detailed account of the radiomics process, from its genesis in the early 1970s
to its rapid development and application in a variety of settings these days. The literature review also
briefly summarizes the radiomics process's essential steps and its limitations, as well as its
applications in medical physics. This section has shown that radiomics has a high potential for
improving cancer diagnosis and prognosis by extracting quantitative imaging features and merging
them with clinical data. Several studies have successfully used radiomics to treat several forms of
cancer, including lung, kidney, breast, and soft tissue sarcomas, demonstrating its capacity to improve
prognostic modelling and treatment planning. However, research indicates that HNC malignancies
are especially difficult because of the complicated anatomy of the skull. Many critical components in
the head and neck area are closely intertwined, including the brain, cranial nerves, major blood
arteries, airways, and soft tissues, making it difficult to discern between healthy and injured
tissue [107, 108]. Furthermore, HNC cancer exhibits a great degree of diversity in tumor biology,
growth patterns, and response to treatment. This variation hinders the development of standardized
therapeutic procedures, necessitating personalized medical strategies [108]. As a result, the
anatomically complicated face and neck region makes it extremely difficult to effectively diagnose
and arrange treatment for patients. Despite recent efforts, study in this anatomical subject remains
restricted. Considering these limitations and the need for improved diagnostic tools, the purpose of
this work is to create a radiomics model using medical imaging of the head and neck to improve the
accuracy of diagnosis and treatment planning in this complex area.
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2. Methods
2.1. Data set

In this study, delta radiomic features were extracted from PET/CT imaging data of the head and neck
region in a cohort of 55 patients. Delta features were defined as the quantitative differences in
radiomic parameters computed between two imaging time points, prior to and following
chemotherapy administration.

The dataset can be divided into two separate groups of variables describing each patient. One group
consists of clinical (described in Table 2). In this study, variables Treatment Type and Survival
Outcome (Lived/Deceased) will be employed to demonstrate the implementation of the defined
procedure for developing the prognostic model. In this case, two prognostic models will be developed
to:

¢ identify which delta radiomic features are associated with survival outcomes.

e assess which treatment types lead to greater changes in radiomic features.

Table 2. Clinical data.

Variable Meaning
Treatment type A multi-class categorical variable, which was used to represent the type
of chemotherapy administered, with values 0, 1, and 2 corresponding
to distinct treatment regimens applied to each patient
A binary outcome variable, which was defined to represent patient
survival status following treatment, where 0 indicates survival and 1
denotes death
A numerical variable, which indicated at what age patient was
diagnosed.

Lived / died

Amzius_dgn

The second group of variables consists of delta radiomic features, which reflect changes in
quantitative imaging biomarkers derived from head and neck PET/CT scans performed before and
after chemotherapy. The delta features in the dataset can be categorized according to the type of
feature (see Table 3).

Table 3. Categories of main delta features.

Feature category Examples Number of features
Conventional SUVbwmean, TLG 8
Discretized Intensity Entropy, SUVbwKurtosis 8
Shape Volume, Sphericity 5
GLCM Contrast, Correlation 8
GLRLM LRE, HGRE 10
GLZLM & NGLDM SZE, Coarseness 10

Radiomic feature extraction yielded a total of 49 features, grouped into six main categories:
conventional first-order statistics (e.g. SUVmean, SUVmax, TLG), discretized intensity-based
metrics (e.g., histogram entropy), shape-based 3D geometric descriptors (e.g., volume, sphericity),
and texture features including gray-level co-occurrence matrix (GLCM), gray-level run-length matrix
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(GLRLM), gray-level zone length matrix (GLZLM), and neighborhood gray-level difference matrix
(NGLDM).

2.2. Radiomics workflow
2.2.1. Verifying data’s balance

Assessing whether the target variable is balanced is an important step before starting to develop
supervised ML models with a categorical target variable that has two or more classes. In other words,
in imbalanced datasets, the number of observations in each class is noticeably different, and the
resulting supervised machine learning model may not be accurate [109]. To determine whether the
target variable is balanced, it is necessary to analyze the distribution of the target variable or class
labels, otherwise known as categories, in the dataset. This can be achieved using a variety of methods.
For instance, the distribution of the classes can be measured, including the calculation of the
frequency of each class, and displayed in a bar or pie chart, which is an excellent way to assess the
distribution of the target variable [110]. If the distribution of classes is not equal, this is not
necessarily a sign that the dataset is imbalanced, as this is not only influenced by the number of classes
but also by the size of the dataset. Therefore, statistical tests to check whether the target variable is
balanced can be performed using Chi-Square Goodness of Fit test.

The Chi-Square Goodness-of-Fit test is a statistical tool for determining if the observed frequencies
of categorical outcomes differ significantly from the anticipated frequencies for a given distribution.
In the context of this study, the test is used to determine whether the class distribution of the target
variable is significantly different from a uniform distribution, indicating imbalance in class
representation [111]. In this case, hypotheses will be formulated as follows:

Hy:The target variable is balanced
H,:The targef variable is imbalanced

In this instance, the null hypothesis H,, indicates that the target variable in the dataset is balanced. The
alternative hypothesis H, is that the target variable in that dataset is imbalanced, which means that at
least one category has a considerably different frequency than expected from a balanced distribution.
The hypotheses will be tested at a significance level of 0.05 (a = 0.05), with the p-value used to
assess statistical significance. For instance, if the p-value is greater than or equal to 0.05, the null
hypothesis is not rejected, and the target variable can be considered as balanced [112, 113].

This method is particularly suitable for multi-class categorical target variables and is widely
employed when confirming the representativeness of categorical groups in classification issues, such
as those encountered in radiomics-based prognostic modelling.

2.2.2. Synthetic data generation

The imbalance of classes remains one of the most significant challenges to address issues with
classification in medicine, because great accuracy must be achieved for a small number of data points.
For instance, in medical statistics for diagnosis of cancer, benign tumors are far more common than
dangerous tumors. When statistical models are created on extremely skewed datasets, machine

33



learning algorithms frequently overestimate the largest class therefore produce incorrect results,
especially when the dataset's minority of instances to be classified is too small [114].

Since it is extremely difficult to gather data in medicine in a way that ensures the set is balanced, the
problem of set imbalance can be tackled addressed in a variety of ways, including random
oversampling. This is a simple approach for randomly reproducing a minority of class samples to
balance the class distribution. The method selects minority class values at random from an existing
dataset and replicates them without modification. This method can be beneficial for efficiently
generating minority class observations. However, it should be noted that data duplication will result
in overfitting, hence this strategy is only appropriate when the dataset is exceedingly limited, and no
other method can be used [115]. On the other hand, synthetic data production is a more efficient
technique to extend an existing dataset. There are several ways, for example SMOTE (synthetic
minority oversampling method) and GAN (generative adversarial networks). The SMOTE approach
creates synthetic samples by interpolating existing minority class samples in the feature space. The
method operates by selecting a minority class sample and creating new points along a line connecting
it to its k nearest neighbors [116]. In contrast, the GAN approach comprises of a generator that
generates synthetic data and a discriminator which distinguishes between genuine and fake data.
Eventually, the generator learns to produce synthetic samples which are extremely close to actual
ones [117]. An overall comparison of three different methods could be seen below (see Table 4).

Table 4. Comparison of different data generating techniques [118].

Random Oversampling SMOTE GANs

e Can generate highly
realistic data for radiomics

e Computationally efficient

¢ Easy to implement )
e Generates new synthetic

Advantages  |e Retains the original and images
o samples (prevents
feature distribution i e Can create completely new
overfitting) .
variations

e Does not generate new
patterns, only variations of

o High risk of overfitting existing ones.

o No added diversity ¢ Not effective for highly

non-linear data (deep

learning features)

o Needs sufficient training
data to create meaningful
samples

¢ Challenging validation of
synthetic samples

Disadvantages

A comparison of the three techniques shows that SMOTE and GAN are better than random over-
sampling, which lacks data diversity and has a high risk of overfitting. When comparing SMOTE and
GAN, it is necessary to evaluate the analysis requirements and complexity of the data. The SMOTE
approach is suitable for supervised machine learning methods such as regression and classification,
whereas GAN is more appropriate for unsupervised machine learning models such as clustering or
association analysis [119]. It is also very important to consider the size of the dataset, as GAN needs
a large dataset to train the method, while the SMOTE algorithm works well on a smaller dataset.

Given the use of supervised machine learning models to build the radiomics model in this project, as
well as the size of the dataset, the SMOTE method will be chosen to obtain additional data.
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2.2.3. Selection of significant variables
2.2.3.1. Correlation analysis

The sets of radiomics features extracted from medical images contain a great number of variables,
however not all of them are important for developing predictive models. To create an accurate and
robust model, it is critical to identify and leave only the most significant features while removing
duplicate or non-contributory ones. Based on extensive literature on radiomics research practices and
the application of machine learning algorithms, correlation analysis is one of the first steps in the
selection of significant features. It helps to remove redundant information by identifying variables
that are highly correlated and providing overlapping information. [120, 121]. In the field of machine
learning, correlation quantifies the statistical relationship between two continuous variables.
Spearman’s rank correlation coefficient measures the strength and direction of monotonic correlations
while making no assumptions about linearity. In other words, this analysis looks at whether an
increase in one variable is consistently associated with an increase or decrease in another variable,
regardless of functional form. The coefficient ranges from -1 to 1, with extreme values indicating a
completely monotonic correlation. This non-parametric measure is particularly useful for finding
duplicate features with strong monotonic relationships, including those associated through nonlinear
but order-preserving transformations [122, 123].

In this study, correlation analysis will be performed as a prior step before applying feature selection
algorithms.  Features  with  high  positive or negative correlation (|p| > 09 or
lp] < — 0.9) will be eliminated to reduce multicollinearity [124]. This approach guarantees that only
non-redundant features are fed into the machine learning pipeline, which improves model
performance and interpretability [125]. This will be accomplished by using a correlation matrix. It
gives a structured overview of the pairwise associations between all features, with each cell reflecting
the correlation coefficient between a specific pair. This matrix provides a thorough view of feature
interdependencies and serves as the foundation for intelligent feature reduction [126].

2.2.3.2. Selection of significant variables

After performing correlation analysis to eliminate redundant variables, the next step involves
applying supervised machine learning algorithms to identify the most significant features to the target
classification task. This process requires the data set to be appropriately split into two or more
subsets [127]. Machine learning needs to split the data into multiple subsets to ensure good
generalization of the model to previously unseen data and to avoid overfitting. The dataset is
frequently divided into training and testing subsets, with each receiving 80% and 20% of the data,
respectively. However, if hyperparameters are to be tuned, the dataset should be divided into three
subsets: training, validation, and testing, with 70%, 15%, and 15% of the data allotted to each [128].

As an alternative, k-fold cross-validation could be applied to improve model evaluation. In this case,
the data is first split into training (80%) and testing (20%) subsets. The training set is then subjected
to k-fold cross-validation, which divides it into k equal folds. In each of the k iterations, one-fold is
used as a test set, with the remaining k-1 folds serving as the training set. This procedure is repeated
k times, with each fold serving as a test set once and the remaining k-1 folds being utilized for training.
By the end of the process, each data point has been added to the test set once and the training set k-1
times. This method makes greater use of the data, offering a more thorough examination while
lowering the risk of overfitting. Following cross-validation and model training, the model that
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remains is tested on the 20% testing set to see how it performs on previously unseen data. Employing
an 80/20 data split with cross-validation ensures that there is a separate from one another, unaltered
testing set to assess the model's generalization ability. Cross-validation provides an even more
powerful evaluation throughout training by validating different subsets of the training data along with
lowering the risk of overfitting [129].

In this study, the dataset was separated into training and testing subsets, with 80% used for training
and 20% for testing. Furthermore, 10-fold cross-validation was used to the training data. 10-fold
cross-validation was chosen because it provides a more trustworthy assessment of model performance
than a simple split into training and testing sets. Using several subgroups for both training and testing
reduces the variability of performance estimates and strikes a compromise between bias and
variance [130].

2.2.3.2.1. Recursive Feature Elimination (RFE)

Recursive feature elimination is a feature selection approach that seeks to estimate which features are
most useful in discriminating against the classes of interest. This strategy can minimize non-
significant features to obtain a final feature set that is significant for target variable prediction while
not reducing the final classification accuracy. This procedure entails training a model, ranking
characteristics by importance, and eliminating those that are the least relevant in predicting the target
variable (see Fig. 8). This process is repeated when the desired number of features has been achieved
[131]. There are various options for training models, such as Random Forest or Support Vector
Machines [132]. In this scenario, Random Forest was chosen because of its capacity to effectively
deal with multi-class target variables [133].
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Fig. 8. Random Forest algorithm scheme [134].

The RFE algorithm principle is based on the importance of variables assessment, which is determined
internally by RF classifiers and involves numerous rounds of classification. Each cycle consists of
developing a new random forest classification model, measuring its accuracy using cross-validation,
examining the feature importance metrics for each feature utilized, and updating the feature-set that
will be used in the next round of the operation. The first classification round uses all the available
features. The weakest performers are then identified using the variable of importance metric, which
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the model estimates during the learning process. Several of the weakest characteristics are then
removed from the feature set, and the operation is repeated. Once multiple classification models are
built across different iterations, the final prediction is determined using a combination technique such
as majority voting (for classification tasks) or averaging (for regression tasks). This ensemble
approach ensures a more robust and generalized final model, as it aggregates the predictions from
multiple models rather than relying on a single iteration. By doing so, RFE seeks to reduce any
dependencies or collinearity in the input features [131]. The final dataset is the subset that yields the
best-performing model.

2.2.3.2.2EXtreme Gradient Boost (XGBoost)

XGBoost, or eXtreme Gradient Boosting, is a sophisticated ensemble learning method that builds
decision trees progressively, with each new tree rectifying the errors produced by prior trees. (Fig. 9)
[135].
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Fig. 9. Schematical representation of eXtreme Gradient Boost [136].

To improve prediction performance, this approach uses an additive training procedure in which trees
are built iteratively and fitted to the loss function's negative gradient [137]. XGBoost uses
regularization terms to correct model complexity, lowering the danger of overfitting by regulating the
number of leaves in trees [138]. One of its significant advantages is its capacity to handle missing
values by learning appropriate split directions even when some data points are missing [139].
Furthermore, XGBoost has a built-in system for feature selection, ranking features depending on their
importance in decision tree development [138]. Feature importance is determined by using a range of
metrics, including gain, which measures the improvement in accuracy provided by a feature, and
frequency, which measures how frequently a feature is used across all trees. However, frequency
alone may be misleading if a feature is widely utilized but fails to significantly add to performance
[140]. XGBoost also integrates cross-validation techniques to evaluate model performance and fine-
tune hyperparameters, ensuring robust generalization to unseen data. Furthermore, it supports early
stopping, a strategy that stops training when the validation performance fails to improve, preventing
overfitting and lowering computational cost [141, 142].

2.2.3.3. Performance evaluation

Assessing a machine learning model's performance is crucial for ensuring that it is reliable, efficient,
and adaptable to new data sets. Without sufficient assessment, the model's predictions may be
erroneous, biased, or deceptive, resulting in poor decision-making. [143, 144]. Overfitting, which
occurs when a model identifies patterns in training data but performs poorly on unseen data, can be
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identified and mitigated using performance measures. Overfitting occurs when the model over-
simplifies the relevant models, resulting in poor performance on both training and testing data. [145].
To achieve robustness, different models must be compared using appropriate assessment measures to
determine which one best balances accuracy, generalizability, and computing efficiency [143].

2.2.3.3.1. AUROC

The Area Under the Receiver Operating Characteristic Curve (AUROC or ROC-AUC) is a popular
statistic for evaluating the effectiveness of classification models [146]. A widespread assumption is
that AUROC is a combination of AUC (Area Under the Curve) and ROC (Receiver Operating
Characteristic Curve), although this is incorrect. In fact, AUROC refers only to the AUC calculated
for the ROC curve. To completely appreciate its significance, it is necessary to first define the distinct
notions of AUC and ROC [147].

The AUC is a scalar metric that measures a model's overall ability to differentiate between positive
and negative classifications. It presents a single-value summary of the ROC curve, providing a
comprehensive measure of categorization performance [148]. A higher AUC value indicates greater
model performance, with greater or equal to 0.9 value signifying perfect discrimination and 0.5
implying that the model performs no better than random chance [149, 150]. Table 5 provides a full
description of the AUC values.

Table 5. Interpretation of model’s performance based on AUC value [149, 150].

AUC Value Interpretation of model’s performance
0.9<AUC Excellent
0.8<AUC<0.9 Good
0.7<AUC<O038 Moderate
0.6 <AUC<O0.7 Poor
0.5<AUC<0.6 Random or failed

The ROC is a visualization tool that shows a classifier's ability to distinguish across classes. It depicts
the True Positive Rate (TPR) against the False Positive Rate (FPR) over various classification
thresholds, allowing for an evaluation of the compromise between specificity and sensitivity. The
ROC curve is especially useful for establishing the best decision threshold for a model, making it a
vital tool in performance evaluation [151].

In this study, the AUC and ROC metrics are interpreted differently than they are in common studies.
Traditionally, these measures are used to evaluate binary classification tasks, which measure a
model's ability to identify accurately between two distinct classes [152, 153]. However, as the
research presented herein involves a multi-class classification situation, these performance metrics
must be evaluated and applied differently in order to appropriately reflect the complexities of multi-
class predictive modeling.

Traditional AUC and ROC studies must be adapted when dealing with multi-class target variables
since they are built for binary classification problems by default. The one-vs-rest (OVR) principle is
a commonly used strategy for extending ROC analysis to multi-class issues, in which each class is
compared individually to the sum of all other classes. In this study, class labels are translated into
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binary indicators: the target class is labelled as 1 and all other classes as 0 [154]. A visual example of
one class vs all other classes classification performance is depicted in Fig. 10.
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Fig. 10. llustration of ROC curves for each class using One-vs-Rest ROC strategy [155] .

To evaluate the overall performance of the model in a multi-class environment, use the macro-level
AUC. This is calculated by first calculating the AUC for each class in the binary classification task,
which assesses the model's ability to distinguish the target class from the other classes. The AUC
scores are then arithmetically averaged, giving each class equal weight, regardless of frequency. This
helps to ensure that no single class, especially the most common class, has a disproportionate impact
on the overall score if the classes are unevenly distributed. Thus, the macro-AUC is a summary
statistic that reflects the performance of the model evenly across all classes, thus providing a balanced
and unbiased assessment, particularly useful when all classes are equally important [156, 157].

2.2.3.3.2. Confusion matrix

The confusion matrix is crucial to evaluating the performance of various classification systems. The
confusion matrix can be described as the mix of predicted and actual class instances. It enables for
the specification of an extensive variety of performance criteria (such as accuracy, precision, and
recall). In other words, a confusion matrix can be defined as a set performance indicator that can be
used in a classification task to evaluate an algorithm or to compare the performance of different
algorithms. The confusion matrix can be applied to both binary and multiclass classification
problems [158, 159]. Fig. 11 shows an example of both types of confusion matrixes.
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Fig. 11. Confusion matrix examples for binary and multiclass classification problems [159].

Each displayed column of the matrix indicates occurrences of a predicted class, whereas each row
represents cases of an actual class. Confusion matrix can provide insight not just into the errors made
by a classifier, additionally the kind of errors that result [159]. The description of the main evaluation
metrics, including what they measure and how they work are displayed in Table 6.

Table 6. Evaluation metrics [158-160].

Metric What it measures How it works
ACCUrac Measures the proportion of correctly classified instances Tp
y among all instances. Y(TP + FP + FN)
. Measure how many instances classified as a specific class Tp
Precision -
were correct. TP, + FP;
A The proportion of instances not belonging to class i that were TN
Specificity . N ; _—
correctly classified as not being in class i. TN; + FP;
Measures how well a model identifies actual instances of TP
Recall . —
class i. TP; + FN;
F1 The harmonic mean of precision and recall, balancing false Presicion; - Recall;
positives and false negatives. Precision; + Recall;

2.2.4. Development of prognostic model

The next step in the radiomics process will be to create a prediction model based on delta radiomics
features to determine which chemotherapy types result in bigger changes in delta radiomic features
and which delta characteristics can be related with better survival outcomes. Given that this is still a
classification task with complex, high-dimensional data, a tree-based machine learning technique will
be used. Tree-based models are especially well-suited to perform such tasks because of their high
accuracy, resistance to overfitting, and ability to capture non-linear correlations and feature
interactions. Standard evaluation measures will be used to verify that the model's performance is both
accurate and well interpretable. Additionally, statistical tests will be utilized to validate whether the
results reflect meaningful differences rather than random variation.

2.2.4.1. Categorical boosting (CatBoost)

Categorical Boosting is known as a supervised machine learning approach, from the family of
gradient boosting models, which builds a series of decision trees where each new tree attempts tries
to correct the errors made by the previous ones. This approach uses the gradient of the loss function
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to guide the learning process and improve model performance [161]. The scheme of this approach is
depicted in Fig. 12.
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Fig. 12. lllustration of Categorical Boost approach [162].

At first glance, CatBoost appears to be similar to the XGBoost algorithm employed in this study for
feature selection. However, CatBoost is frequently seen as a more advanced alternative, particularly
when working with categorical data. Usually, gradient boosting algorithms require categorical
variables to be transformed to numerical values using techniques such as one-hot or label encoding.
These strategies can result in loss of data and overfitting [163]. CatBoost, on the other hand, handles
categorical data natively by employing ordered target statistics, a method that converts categorical
values into numerical representations based on the average target value while carefully avoiding data
leakage. Another important contrast is that CatBoost uses ordered boosting rather than classical
boosting, which uses the full dataset to train each tree. Ordered boosting imitates an online learning
process by training each tree only on data that would be accessible at prediction time. This technique
reduces overfitting and creates a more generalizable model [161, 164, 165].

2.2.4.2. Performance evaluation

At this point in the study, it is very important to note that binary and multiclass classification tasks
require different performance evaluation methods. For the multiclass task, the evaluation was done
to find out not only how well the models predict the target variable overall, but also how well the
CatBoost method predicts each class of the target variable for the multiclass task. Thus, for this case,
the One-vs-Rest ROC curve will be used described previously in section a 2.3.3.3.1. As the prediction
of each class is very important at this stage of the study, the ROC curves will be constructed to reflect
not only how well the model performs, but also how well each class is predicted compared to the
others (One Class Strategy versus Others). In the binary case, a standard ROC curve will be used to
evaluate the performance of the model. In addition, for both cases, the confusion matrix will be
employed to evaluate the accuracy of the model and how well models are able to distinguish between
positive and negative classes (see Fig. 11).
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2.2.4.3. Statistical test

Statistical analysis is required in scientific research to objectively assess whether observed differences
or connections in data are likely to be actual effects rather than random noise. Statistical tests can
provide a formal mechanism for hypothesis testing, allowing researchers to draw accurate and
reproducible conclusions from empirical data [166]. In this study, statistical tests will be used to see
If delta radiomic characteristics differ significantly between clinical variables groups. In the treatment
type analysis, the Kruskal-Walli’s test, followed by Dunn's post hoc test, will be used to determine
whether different therapies are associated with distinct patterns of change in delta radiomic features,
indicating a treatment effect on imaging-derived biomarkers. In the case of survival outcome analysis,
the Mann-Whitney U test will be used to determine whether delta characteristics differ substantially
between patients who survived and those who did not. These results will indicate delta radiomic
features potential in prognostic relevance.

2.2.4.3.1. Kruskal-Walli’s test

The Kruskal-Walli’s test is a nonparametric statistical test that detects statistically significant
variations in the distribution of a continuous variable between two or more independent groups.
Unlike ANOVA, it does not imply normality or equal variances, making it ideal for not normally
distributed data or features containing outliers. In this investigation, the Kruskal-Walli’s test will
be employed to determine whether the distribution of delta radiomics characteristics varies
significantly among treatment types, hence assessing the potential relationship between treatment and
imaging-derived biological alterations [167]. In this case, hypotheses will be formulated as follows:

H,y: The distribution of delta feature X does not significantly dif fer
between dif ferent treatment types

H,:The distribution of delta feature X dif fers significanlty
in at least one treatment group

This study uses a significant level of 0.05 (« = 0.05), which corresponds to a 95% confidence interval.
For example, if the hypnosis ends up resulting p-value is less than 0.05, the null hypothesis is
considered as rejected, showing that the distribution of the delta radiomics feature differs significantly
between treatment groups [167]. This result can indicate that the type of treatment may be related to
detectable changes in imaging-derived features.

2.2.4.3.2. Post-Hoc analysis - Dunn’s test

If the Kruskal-Walli’s test results showed statistically significant results, then Dunn’s tests can be
employed to check at which exact categories the difference is significant. Dunn’s test is performed
pairwise, by comparing each independent group [168]. Hypotheses for this situation will be
constructed for each pairwise comparison in the following manner:

Hy:The distribution of delta feature X is the same in both A and B treatment types

H,:The distribution of delta feature X is dif ferent in A and B
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Dunn's test will be performed with a significance level « = 0.05. If the p-value is less than 0.05, the
null hypothesis is rejected, indicating a substantial difference in delta feature value change across
treatments. In addition, to avoid inflated false positive rates and to produce more statistically
trustworthy and reproducible results, the Benjamini-Hochberg (FDR Control) approach will be used
[169, 170].

2.2.4.3.3. Mann-Whitney U test

Mann-Whitney U tests, commonly referred to as the Wilcoxon Rank Sum test, will be used to
determine whether there is a significant difference between two groups. This test is only applicable
when dealing with binary data, hence in this example, the patient lived or died following the
treatment [171].

Hy:There is no significant dif ference in the distribution of
delta features X between the two groups

H,:The distribution of delta feature X dif fers significantly
between the two groups

Consistent with previous statistical tests, the Mann-Whitney U test will be conducted using a

significance level of a = 0.05. If the resulting p-value is less than 0.05, the null hypothesis will be
rejected, indicating a statistically significant difference between the two groups.
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3. Results

To demonstrate the practical use, reliability and effectiveness of the developed workflow of the
radiomics process, two illustrative examples are provided below. They depict the entire step-by-step
procedure of radiomics prognostic model’s development, from data preparation to feature processing,
model training, and evaluation. The most important methodological decisions are thoroughly
explored, together with their justifications and implications for the model's overall performance and
interpretation. The included examples provided a comprehensive overview of how the method could
potentially be applied to real-world datasets in medical physics.

3.1. Analysis of Delta Features Changes Across Treatment Types

When implementing machine learning methodologies, it is important to understand the dataset's
structure and variable distribution to ensure model robustness and avoid bias caused by class
imbalance. The first step of this study was to examine the distribution of the target variable, which
determines the type of chemotherapy treatment. The Chi-square goodness-of-fit test was used to
determine whether the observed class frequencies deviated significantly from a uniform distribution.

Table 7. The frequencies of target variable.

0 \ 1 \ 2 | Chi-Square Goodness-of-Fit Test Result
Original data set
23 | 24 | 8 | 0.01
Data set after synthetic generation
23 | 24 | 24 | 0.98

As seen in Table 7, the original dataset was highly imbalanced (p = 0.01), with treatment groups 0,
1, and 2 containing 23, 24, and 8 observations respectively. To compensate for this imbalance,
synthetic oversampling was used to boost the representation of Treatment type 2 to 24 cases. After
generating synthetic data, a repeated Chi-square test revealed no significant variation from a uniform
distribution (p = 0.98). By establishing class balance prior to model training, the likelihood of bias
towards more frequent treatment groups is eliminated, which is critical for developing models that
can generalize effectively to new data. In clinical applications, ensuring fair representation among
treatment categories helps to avoid skewed predictions, which could lead to misinterpretation of
treatment outcomes. Achieving a homogeneous distribution of classes improves the reliability of the
created models, increasing their potential for accurate and therapeutically relevant decision
assistance. These results, shown in Table 7, confirm that the dataset is well balanced, giving a solid
platform for future feature selection, model development, and clinical deployment.

To minimize feature redundancy and address multicollinearity, a pairwise correlation analysis with
Spearman coefficients was performed after class balance evaluation but before machine learning-
based feature selection. Reducing redundancy of features, it is critical to guarantee that the final model
captures significant, non-redundant patterns in the imaging data, thus boosting diagnostic reliability
and supporting clinically interpretable outcomes. Features with correlation coefficients larger than
0.9 were deemed highly collinear; in such circumstances, one trait from each associated pair was
removed while keeping the one with higher variance or more clinical importance. Fig. 13 depicts this
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procedure, with the left matrix showing the correlation structure of the original delta radiomic feature
set, and the right matrix showing the reduced set following collinearity-based filtering.
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Fig. 13. Redundancy reduction using pairwise correlation analysis (The full-size correlation matrices are
given in Appendix 1).

Although correlation thresholding reduces redundancy by removing highly collinear data, it may not
always determine which features contain the most predictive or therapeutically important
information. As a result, selecting only the most significant characteristics is critical for improving
model interpretability, reducing overfitting, and ensuring that the final prediction model is statistically
robust and therapeutically relevant. In this study, two machine learning algorithms, Recursive Feature
Elimination with Random Forest (RFE-RF) and Extreme Gradient Boosting (XGBoost), were used
to systematically identify the most relevant delta radiomic characteristics. To evaluate the
effectiveness of these algorithms and decide which method selects significant features more
accurately for further model building, their performance was assessed using the indicators and
processes provided in Section 2.2.3.3. Table 8 summarizes the comparative performance metrics for
the RFE-RF and XGBoost feature selection algorithms.

Table 8. Performance metrics of feature selection algorithms.

Metric Recursive Feature Elimination with RF eXtreme Gradient Boost
Accuracy 070 0.69
Precision 0.67 0.67
Specificity 0.83 0.84
Recall 0.76 0.68
F1 0.69 0.67

Table 8 shows that the overall accuracy of the feature selection approaches was similar (0.70 for RFE-
RF and 0.69 for XGBoost), as was their precision (0.67). However, in a broader sense, the
RFE-RF-based model had higher recall (0.76 vs. 0.68) and F1-score (0.69 vs. 0.67), indicating a more
balanced capacity to properly identify and categorize treatment kinds. Although XGBoost had slightly
greater specificity (0.84 vs. 0.83), the overall results indicate that the RFE-RF model, in this study
case, is a more efficient feature selection strategy for this task. From the standpoint of therapy, the
higher recall and F1-score acquired with RFE-RF are especially significant, implying a greater ability
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to properly identify distinct treatment categories. This enhanced differentiation across therapy kinds
increases the model's potential clinical application, providing more dependable guidance for
treatment assessment and decision-making.

These standard classification measures helped to evaluate the model's performance, but ROC curves
and AUC values provide a more thorough assessment of the discriminatory strength of all classes
(treatment types). Figure 14 depicts the macro-averages of the ROC curves for both models.

Macro-Average ROC Curve for Multi-class Models
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Fig. 14. Macro-average ROC curves comparing multi-class model performance using RFE-RF and
XGBoost feature selection methods.

Fig. 14 shows the macro-averaged ROC curves for multi-class classification models created with two
feature selection strategies: RFE-RF (blue) and XGBoost (red). As seen in the figure, the RFE-RF
model had a higher macro-averaged AUC of 0.825, showing stronger overall discriminative capacity
across all classes than the XGBoost-based model, which had an AUC of 0.766. RFE-RF's ROC curve
consistently exceeds that of XGBoost across the majority of the False Positive Rate (FPR) range,
notably in the 0.25-0.75 interval, where models are most used in clinical settings. This interval shows
the delicate balance of minimizing false positives while keeping high sensitivity, which is critical for
creating models for clinical decision assistance. A better trade-off in this range indicates that the RFE-
RF model can correctly classify patients into distinct treatment types while decreasing the risk of
misclassification. Clinically, this increased discrimination can contribute to more accurate treatment
assessments, better patient stratification, and eventually more dependable support for therapeutic
decision-making. Although both models perform well (AUC > 0.7), RFE-RF appears to be the more
effective strategy for selecting delta radiomic features for treatment categorization in this multi-class
setting. In clinical terms, a greater AUC indicates a better capacity to distinguish between different
chemotherapy treatment types, which is crucial for ensuring that predictive models give accurate and
reliable support for treatment evaluation. Thus, based on the higher performance of the RFE-RF-
based model, the relevant delta radiomic features revealed by this method will be used for further
analysis.
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Based on the feature selection results, the most significant delta radiomic features obtained using the
RFE-RF approach were used to build a prediction model using the CatBoost algorithm. Following
model training, the ten most significant delta radiomic characteristics were determined based on their
contribution to predicting the target variable - treatment type.

Top 10 Most Significant Features
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Fig. 15. Significant delta radiomic features identified by the CatBoost model for treatment type
classification.

Fig. 15 depicts the most significant delta features detected by the CatBoost model, which was trained
to distinguish chemotherapy treatment types. The features fall into six radiomic categories, as
specified in section 2.1.: conventional (SUVbwstd, SUVbwKurtosis), discretized intensity
(SUVbwKurtosis, SUVbwSkewness), shape (e.g., Sphericity), GLCM (Correlation), GLRLM
(RLNU, GLNU), and NGLDM (Busyness, Contrast). Among the most significant features were
DISCRETIZED_SUVbwKurtosis, CONVENTIONAL_SUVbwKurtosis, GLCM_Correlation, and
NGLDM_Busyness_aHN. This suggests that intensity and textural traits were crucial in
discriminating between treatment types. It's also worth noting that the method distinguishes between
two SUV kurtosis metrics: discrete and conventional. This implies that changes in the peak or tails of
the SUV distribution before and after treatment are substantially linked with the treatment type. The
inclusion of GLCM_Correlation_aHN and NGLDM_Busyness_ aHN among the top features
emphasizes the significance of textural heterogeneity in PET/CT imaging, which may reflect tissue
complexity and responsiveness to treatment. These qualities indicate that delta radiomics can aid in
the non-invasive determination of how various types of treatment affect distinct tissue attributes. By
detecting minor changes in tumor form and activity on imaging, the model can help clinicians make
better treatment decisions and manage patient care more efficiently.
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Once the model has determined the most important features for predicting the type of treatment, it is
time to evaluate the CatBoost model's performance. Fig. 16 illustrates the discriminatory power of
the ROC curves by class. As can be observed, treatment type 2 has the highest AUC, showing
excellent class separability. The system also discriminates well between treatment types 0 and 1, with
an AUC much higher than 0.85. All curves are significantly higher than the diagonal line (random
guess), suggesting that the model consistently divides classes. From a clinical standpoint, this robust
class separability indicates that delta radiomic features capture treatment-specific imaging
characteristics, allowing the model to confidently discriminate between therapy types. This may help
doctors better understand how different therapies alter tissue features and support the development of
imaging-based instruments for planning treatment, monitoring, or stratification in precise oncology.

ROC Curves for Multi-Class Classification (One-vs-Rest)
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Fig. 16. Performance of the CatBoost approach.

In addition to ROC curves, it is also worth considering the overall performance metrics (see Table 9)

Table 9. Performance metrics of CatBoost algorithm.

Metric CatBoost
Accuracy 0.71
Precision 0.64

Specificity 0.85

Recall 0.79

F1 0.65

In this case, the overall accuracy of the model is 71% and the recall is 79%, indicating that the model
can perform reliably across different classes and successfully identifies the most relevant cases. The
F1 rate (65%) in this case shows a moderate balance between precision and recall, while the high
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specificity (85%) indicates that the model correctly identifies negative cases. Hence, the data is
correctly identified. High recall and specificity are especially useful in clinical settings because they
reduce the danger of misclassifying patients and ensure that different treatment types may be
effectively differentiated based on imaging findings

Since the most predictive delta radiomic parameters were found to distinguish between different
treatment types, and the model's performance on this task was judged to be good, it is now possible
to analyze how these properties differ between treatment types. This following analysis allows for
the identification of imaging biomarkers that reflect treatment-specific tissue alterations, offering
additional insight into therapeutic response and tumor biology under various regimens. This part of
the study focuses on the four factors that had the greatest impact on predicting the type of treatment.
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Fig. 17. Variation in significant delta radiomics features across different treatment types.

Figure 17 shows that a DISCRETIZED_SUVbwKurtosis_aHN delta feature has higher values in
treatment type 2, showing that this form of treatment may create significant changes in the
distribution's peakedness of SUV values following treatment. Type 1 has the lowest median and
smallest dispersion, implying a more consistent or less variable effect on this feature. The median
value for treatment type O was higher than for treatment type 1, and the distribution was wider on
average, implying that this type of chemotherapy induces more changes in the highest point
distribution of diversity features. Although less significant than in treatment type 2, variability in 0
indicates a possibly variable response among people taking this medication.

The CONVENTIONAL_SUVbwKurtosis_aHN delta feature follows a pattern comparable to the
discretized version. 0 and 2 treatment types have larger variability and medians compared to treatment
type 1. This suggests that treatment types 0 and 2 may cause more metabolic heterogeneity or
alterations to tumor shape.
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The median values of the GLCM_Correlation_aHN delta attribute, which describes changes in
tissue texture, were higher for treatment type 1, which may indicate stronger correlations in local
intensity induced by this treatment. Treatment type 2 is slightly more diffuse than treatment type 1,
suggesting that the textural consequences are more variable, and hence this treatment produces
different effects on patients. Treatment type 0 had the least spread values in this case, which means
that it does not cause significant changes in tissue texture.

NGLDM_Busyness_aHN has higher values for treatment type 2 and more outliers, albeit smaller,
which may indicate that it causes more complex or variable tissue responses. Treatment types 0 and
1 have extremely low median values, indicating modest changes or more consistent tissue responses.
Although as can be seen from the boxplot treatment types 0 and 1 have a number of outliers with
higher values, which may indicate that these textural changes are closely related to other features or
reflect noise in the data. Taking together, these changes reinforce the importance of delta radiomics
in capturing small but significant differences in tissue response between different types of
chemotherapy treatment.

While boxplots offer an initial visual summary of how delta radiomic characteristics vary across
treatment types, thorough statistical analysis is required to evaluate whether the observed variations
are statistically significant. To this purpose, a Kruskal-Wallis H test was run on every one of the top-
ranked traits to see if the distributions differed significantly between the three chemotherapy
treatment groups. For features where the Kruskal-Walli’s test revealed significant group differences,
Dunn's post hoc test with multiple comparison correction was used to determine whether treatment
pairs had statistically significant delta feature values.
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Fig. 18. The boxplot of delta radiomic features across chemotherapy treatment types with Kruskal-Walli’s
test results.
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Statistical analysis using the Kruskal-Walli’s test indicated that both top-ranked delta radiomic
features: DISCRETIZED_SUVbwKurtosis (p = 0.0078) and CONVENTIONAL_SUVbwKurtosis
(p = 0.044) varied significantly among chemotherapy treatment groups. Therefore, the next step is a
post hoc Dunn's test with FDR correction. Results of both tests can be seen in Table 9.

Table 10. Statistical comparison of delta features across different treatment types.

Feature name Kruskal Walli’s Dunn’s test

Ovs1l 0.18

DISCRETIZED_SUVbwkKurtosis_aHN 0.0078 0vs?2 0.047

lvs2 0.004

Ovs1 0.21

CONVENTIONAL_SUVbwKurtosis_aHN 0.044 Ovs?2 0.11

lvs2 0.023
GLCM Correlation aHN 0.41 -
NGLDM_ Busyness_aHN 0.11 -

Statistical analysis of the most important delta radiomic features revealed that only the kurtosis-based
SUV characteristics DISCRETIZED_SUVbwKurtosis and CONVENTIONAL_SUVbwKurtosis
differed significantly between chemotherapy treatment types. In simple terms, these characteristics
revealed that patients getting type 2 treatment saw more significant changes in the shape of the SUV
distribution than patients receiving type 1 treatment. For DISCRETIZED_SUVbwKurtosis, the
difference between 2 and 0 was likewise borderline significant (0.047), supporting the fact that two
treatments may cause bigger metabolic alterations.

Two texture-based features, GLCM_Correlation and NGLDM_Busyness, however, showed no
statistically significant variations between treatment types, despite some obvious variances in box
distribution. This shows that, while textural traits are crucial for overall delta radiomic analysis, they
could be less sensitive to treatment-induced changes in this specific clinical situation.

In summary, the statistically significant difference between DISCRETIZED_SUVbwKurtosis and
CONVENTIONAL_SUVbwKurtosis over the types of chemotherapy demonstrates their ability to
detect biologically relevant, treatment-induced metabolic alterations. Although texture-based
variables such as GLCM_Correlation and NGLDM_ Busyness did not approach statistical
significance, their variability suggests that they may have complementary value in a wider
multiparametric context. The successful selection of kurtosis-based SUV measurements as
discriminative features demonstrates the efficacy of the proposed delta radiomics methodology in
identifying clinically useful imaging biomarkers. If these results are externally verified with
independent, multi-institutional datasets, the established methodology has the potential to
significantly improve non-invasive response examination, guide treatment decision-making, and
enable individualized treatment options in oncology.

3.2. Delta Radiomic Features as Predictors of Survival

As in the previous case, the frequency distribution of the target variable was examined using the Chi-
Square Goodness-of-Fit Test. Since the null hypothesis was rejected (p-value is 0.04), suggesting a
severe class imbalance, a synthetic data generation procedure was used to produce more observations.
Following augmentation, the Chi-Square Goodness-of-Fit Test revealed that the class distribution
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was no longer statistically different (p-value is 0.57), indicating that the data set is now balanced and
ready for further research (see Table 11).

Table 11. The frequencies of the target variable.

0 | 1 | Chi-Square Goodness-of-Fit Test Result
Original data set
20 \ 35 \ 0.04
Data set after synthetic generation
40 | 35 | 0.57

As previously stated, a correlation analysis was performed here to eliminate redundant variables, with
a threshold of 0.9. This approach, as was justified in the previous subsection, ensures that the retained
characteristics give independent information for downstream modeling. The correlation matrices
before (left) and after (right) the removal of redundant variables are presented in Fig. 19.
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Fig. 19. Redundancy reduction by using correlation analysis (The full-size correlation matrices are
given in Appendix 1).

As in the previous case, following the correlation analysis, the next step was to identify the most
significant delta radiomics features. Two feature selection algorithms, Recursive Feature Elimination
with Random Forest (RFE-RF) and XGBoost, were employed to compare their effectiveness in
selecting informative features. The performance evaluation of both approaches is presented in Table
12, allowing for a comparative analysis of their accuracy and feature selection capability. As in the
previous model, careful feature selection at this stage is critical to preserve clinically meaningful
imaging biomarkers, ensuring that the produced models remain robust and translationally relevant for
clinical applications.

Table 12. A comparison of performance metrics of feature selection algorithms.

Metric Recursive Feature Elimination with RF eXtreme Gradient Boost
Accuracy 0.86 0.78
Precision 0.95 0.90
Specificity 0.68 0.50
Recall 0.71 0.76
F1 0.64 0.68
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In this analysis, RFE-RF achieved the highest overall accuracy (0.86) and precision (0.95), indicating
that the model based on these delta features made highly accurate predictions with few false positives.
It also demonstrated higher specificity (0.68), meaning it was better at correctly identifying negative
instances compared to XGBoost. XGBoost, while slightly behind in accuracy (0.78) and precision
(0.90), outperformed RFE-RF in recall (0.76) and F1 score (0.68), suggesting it captured more true
positives and achieved a better balance between precision and recall. As in the previous case, both
models performed quite well; however, the features selected by RFE-RF were used for further model
development, as this method demonstrated better performance in correctly identifying false positive
observations. From a clinical standpoint, our findings indicate that the RFE-RF-based model may
give more reliable support in predicting patient survival outcomes while reducing the possibility of
misclassification. High accuracy and specificity are especially crucial when using prognostic models
to identify patients who are at a higher risk of poor outcomes, allowing for early intervention or more
frequent clinical surveillance. This approach helps to improve the reliability of imaging-based
survival forecasts, resulting in more tailored and informed patient treatment.

To further evaluate the predictive performance of the selected delta radiomics features, a comparative
ROC analysis was performed for the models developed using features selected by RFE-RF and

XGBoost algorithms (see Fig. 20).

ROC Curves for RFE-RF and XGBoost
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— RFE-RF (AUC = 0.95)
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Fig. 20. Comparison of the performance of two ML approaches using ROC Curves.

The results showed that the model using RFE-RF-selected features had a significantly higher Area
Under the Curve (AUC) value of 0.95, compared to 0.738 for the XGBoost-based model. This
significant difference implies that the RFE-RF resulted in improved class separability and prediction
performance. The ROC curve of the RFE-RF model was continuously higher over the entire range of
false positive rates, indicating a better sensitivity-specificity trade-off. In clinical terms, a larger AUC
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indicates that the model can more reliably predict patient survival given imaging data. This is
significant because it allows clinicians to monitor the patient's reaction to treatment and determine
which patients require more aggressive treatment or closer monitoring.

In the next stage, the CatBoost algorithm was applied to develop the prognostic model. During this
process, the most significant features were identified (see Fig. 21).
Top 10 Most Significant Features for Binary Classification
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Fig. 21. The most significant features by CatBoost.

In this case, GLRLM characteristics emerged as the most significant category, indicating that changes
in run-length texture patterns in survival analysis are highly predictive of the binary classification
test. Shape as well as GLCM-based heterogeneity aspects also have an important impact.
Interestingly, conventional along with discretized intensity features were not placed among the top
ten, as they were in the prior case, when survival outcomes of effect on delta features were
investigated, implying that greater complexity textural and structural alterations may be more useful
for patient survival modeling in this setting. These findings imply that survival outcomes may be
linked to minor changes in tumor microarchitecture and heterogeneity rather than simple intensity
changes. This shows that in clinical practice, texture-based radiomic indicators may aid in capturing
underlying biological aggressiveness, tissue disorganization, and response failure, all of which have
a significant impact on patient prognosis. Recognizing and quantifying these complicated imaging
patterns can improve risk categorization and treatment planning.

Since the model has determined the most important features for predicting the survival outcome, it is
time to evaluate the CatBoost model's performance. To assess the model’s effectiveness, key
performance metrics and the ROC curve were employed to measure the model’s classification ability
and discriminative power (see Table 13 and Fig. 22).
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Table 13. Performance metrics to evaluate the CatBoost approach.

Metric CatBoost
Accuracy 0.69
Precision 0.80

Specificity 0.65

Recall 0.68

F1 0.59

With an accuracy of 69% and a high precision (0.80), the model reliably detects positive situations
while producing few false positives. This is useful in applications where false alarms should be
avoided. However, this model has a modest recall (0.68), implying that only about 68% of real
positive cases are successfully detected. Notably lower than accuracy, indicating that the model
misses some true cases. Additionally, the model exhibits low specificity (0.65). The capacity to
correctly recognize negative situations is limited, showing opportunity for improvement in managing
the negative class. A low F1 Score (0.59) indicates a moderate balance of precision and recall, but
not optimal. From a clinical standpoint, these findings suggest that the model accurately predicts
high-risk patients who did not survive but fails to detect a significant proportion of true positive cases.
While the model's moderate specificity helps to alleviate unwarranted concern for certain patients
who are likely to live, its limited recall and inadequate F1 score emphasize the potential of missing
individuals who are at risk of poor outcomes. In clinical practice, it is critical to improve sensitivity
to avoid missing patients who could benefit from early care, while also preserving sufficient precision
to avoid overtreatment. Training on a larger dataset is anticipated to improve the model's
performance, notably its capacity to consistently identify patients in danger of mortality.

ROC Curve for CatBoost Model
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Fig. 22. The ROC curve for CatBoost model in binary classification.
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The model distinguishes the two classes relatively well, with an AUC of 0.70. The ROC curve reveals
some capacity to distinguish between classes above random guessing (AUC > 0.5). While the ROC
curve rises above the diagonal, it does not have a consistently steep slope, implying that the model's
sensitivity and specificity trade-offs vary with decision threshold. From a clinical point of view, such
results may have some predictive value, but it would be worth expanding the dataset to make the
model more efficient.

Given that the relevant aspects linked with the target variable (lived/died) have already been found,
it is now possible to assess how each delta radiomics feature differs between patients who survived
as opposed to those who did not after treatment. This technique could help predict treatment
outcomes, like survival. The Fig. 23 illustrates how delta features differ between the patients who
survived (0) and those who died after the treatment (1).
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Fig. 23. Variation in significant delta radiomics features across survival outcomes.

Patients who died (1) demonstrated greater post-treatment increases in Long Run High Gray-Level
Emphasis (GLRLM_LRHGE_aHN), than those who survived (0). This could indicate increased
tissue heterogeneity or complexity linked with more aggressive illness. Patients that lived (0) had
higher GLRLM_SRE_aHN values, which could equate to finer, more uniform texture patterns,
implying a greater therapeutic response. Fig. 23 shows a significant difference, indicating substantial
discriminative capability. The surviving patient (0) has relatively low volume changes
(SHAPE_VolumemL_aHN), but the deceased patients (1) have greater volume increases, indicating
tumor progression or inadequate shrinking post-treatment. Deceased patients (1) likely to have higher
GLRLM_HGRE_aHN values, presumably indicating the presence of high-intensity, coarse textures
post-treatment — a symptom of lingering aggressive tumor components. Although major differences
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in delta characteristics between deceased and surviving patients are visible in Fig. 23, statistical
analysis will be used to assess whether these differences are statistically significant.
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Fig. 24. Mann-Whitney U test for delta features differentiating deceased and surviving patients.

Fig. 24 depicts the distribution of the four most significant delta radiomics features,
GLRLM_LRHGE_aHN, GLRLM_SRE_aHN, SHAPE_VolumemL_aHN, and
GLRLM_HGRE_aHN, between two patient outcome groups: survived (0) and died (1) after therapy.
To determine if the observed changes in feature distributions were statistically significant, the Mann-
Whitney U test was used. This non-parametric test allows for the comparison of feature values
between the groups without assuming normal distribution, giving insight into the possible prognostic
value of each radiomic feature. Results can be seen in table 14.

Table 14. Statistical significance of feature differences between survived and deceased patients.

Feature Mann-Whitney U test
SHAPE VolumemL aHN 0.026
GLRLM_LRHGE_aHN 0.049
GLRLM_SRE_aHN 0.12
GLRLM HGRE_aHN 0.65

The Mann-Whitney U test found that SHAPE_VolumemL_aHN (p = 0.026) differed statistically
significantly from the two outcome groups, implying that changes in tumor volume throughout
therapy may be related with patient survival. Greater tumor shrinking during treatment may indicate
a stronger therapeutic response, a lower tumor burden, and thus better survival prospects. In contrast,
persistent or rising tumor volume may signal treatment resistance and poorer outcomes.
GLRLM_LRHGE_aHN also neared statistical significance (p = 0.049), indicating a possible
relationship between strong gray-level run emphasis and poor outcomes. Clinically, this may reflect
a more structured, densely cellular tumor structure, possibly related to the aggressive type of tumor
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and its resistance to treatment. This borderline outcome calls for additional exploration in a larger
cohort. In contrast, GLRLM_SRE_aHN (p =0.12) and GLRLM_HGRE_aHN (p = 0.65) revealed
no statistically significant differences between survivors and non-survivors. This finding suggests
that, in the current group fine scale intertumoral textural heterogeneity (GLRLM_SRE_aHN) and the
amount of extremely dense, radiologically bright tumor areas (GLRLM_HGRE_aHN) may not
independently predict survival. These textural characteristics, despite indicating microstructural
complexity or fibrotic content, may not have a strong direct association with therapeutic response or
biological aggression in this environment.

Lastly, the findings imply that SHAPE_VolumemL_aHN and GLRLM_LRHGE_aHN could be
potential non-invasive imaging biomarkers for predicting survival outcomes. Their statistical
correlation with survival outcome variables suggests that they may reflect therapy efficacy and tumor
aggressiveness. Other textural characteristics were not significant, yet they may potentially contribute
to a more complete tumor characterization. In general, the proposed delta radiomics workflow
successfully detects prognostically significant features; nevertheless, external validation in
independent, multi-institutional cohorts is required to ensure their clinical utility and to validate them
as accurate non-invasive biomarkers for personalized cancer management.

It is crucial to note that the results of the developed models may only be externally validated or
properly compared to similar studies if every stage of the radiomics workflow, from image acquisition
to model development, are standardized and implemented employing consistent protocols, ensuring
data integrity and methodological comparability.
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Conclusions

1. Radiomics has advanced greatly from its beginnings in texture analysis in the 1970s,
becoming an effective tool for personalized oncology. Modern radiomics uses advanced
machine learning alongside medical imaging to extract high-dimensional characteristics that
capture tumor-related parameters such as shape, texture, and intensity. Delta, and dynamic
radiomics are key breakthroughs that have improved the capacity to measure tumor features,
treatment response, and prognosis across many cancer types noninvasively. Despite its
considerable promise, radiomics currently faces significant obstacles such as insufficient
methodological standardization, small and varied datasets, and reproducibility issues. These
challenges limit their inclusion into medical facilities and decision-making. In medical
physics, radiomics is becoming increasingly important in quantitative imaging and
individualized therapy planning. When integrated with clinical, genetic, and demographic
data, it can offer strong predictive models that improve diagnosis accuracy and facilitate
decision making. However, to realize its full potential, further progress is needed to ensure
appropriate standardization of imaging and feature extraction protocols to ensure
reproducibility and reliability of radiomics studies, inter-institutional availability of data, and
sufficient clinical validation to integrate the use of radiomics models into the clinical setting.

2. To address the complexities of head and neck cancer, a delta radiomics methodology was
created to examine temporal changes in imaging-derived features. This workflow was
tailored to the anatomical and clinical features of these tumors through choosing machine
learning approaches capable of handling complex, structured, high-dimensional data, as
tumors in the head and neck region tend to be associated with irregular geometry and
significant intratumoral heterogeneity. The developed workflow begins with the evaluation
of delta features, followed by data preparation, which includes statistical evaluation of data
distribution and synthetic data generation. Next follows correlation analysis, which
eliminates strongly related characteristics to reduce redundancy and improve overall model
accuracy, machine learning-based modeling, and statistical validation. By focusing on
temporal feature changes, this strategy seeks to give a more dynamic and biologically
meaningful assessment of treatment response than typical static radiomics.

3. To validate this suggested delta radiomics workflow, several machine learning models were
created: one for treatment classification and other for survival result prediction. RFE-RF
successfully identified discriminative delta features, with AUCs of 0.825 (treatment) and
0.95 (survival). CatBoost models trained with these features performed well in both
challenges. Statistical study revealed that kurtosis-based SUV characteristics differed
significantly among treatment types, whereas SHAPE_VolumemL_aHN and
GLRLM_LRHGE_aHN were linked to survival. Together, these findings confirm the
validity as well as reliability of the suggested methodology for assessing treatment-related
changes and predicting survival outcomes. If verified externally in larger, multi-institutional
cohorts, the detected delta radiomic characteristics could be transformed into non-invasive
imaging biomarkers that could help in early treatment response analysis and survival risk
stratification. This establishes this workflow as a possible decision-support tool for
individualized cancer treatment planning in future clinical studies and clinical settings.
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Recommendations

This chapter presents a systematic, evidence-based workflow for developing prediction models using
delta radiomics features. Each methodological step has been carefully designed to address the specific
challenges inherent in radiomics studies on high-dimensional and low-sample datasets, including
class imbalance, overfitting and overfitting of features, and statistical insignificance. The proposed
workflow highlights all important steps to avoid overfitting and overall model bias. To ensure
transparency, reproducibility and practical applicability of the developed model for head and neck
cancer, R code for each step is provided in the appendices.

1. Exploration of the dataset

Prior to any modeling, it is essential to perform an initial exploration of the dataset to understand
its structure and content. This includes examining the types and distributions of clinical and
radiomics variables, identifying missing data, detecting potential outliers, and summarizing key
descriptive statistics. Visual inspection techniques, such as histograms, could be employed.
Thorough dataset exploration ensures that subsequent preprocessing and modeling steps are
appropriately tailored to the data characteristics. A practical code example is provided in
Appendix 2.

2. Assessment and Correction of Target Variable Imbalance.

Before developing any predictive models, it is critical to determine whether the distribution of
outcome variables (such as survival outcome) is balanced across all classes. Imbalanced datasets
can skew machine learning algorithms toward majority classes, producing misleading results. To
assess statistical imbalance, utilize the Chi-Square Goodness-of-Fit test. If an imbalance in the
dataset is found, use synthetic data generation techniques such as SMOTE (Synthetic Minority
Over-sampling methodology) or another methodology appropriate for the dataset. A practical
code example is provided in Appendix 2.

3. Correlation Analysis for Redundancy Reduction

Radiomics datasets often contain a huge number of features, many of which may be strongly
associated. In many circumstances, such information will not provide any more relevant
information, and including such duplicate features may result in multicollinearity, which hampers
model interpretation and performance. Spearman's rank correlation can discover and remove
highly associated characteristics by imposing a correlation coefficient cutoff (p > 0.9). This stage
not only decreases computing complexity and helps to speed up the process, but it also improves
the model's reliability and interpretability by guaranteeing that only unique, non-redundant
features are input into it. Code examples are detailed in Appendix 3.

4. Model Training and Cross-Validation Strategy

The default strategy for building a machine learning model is to divide the dataset into two
subsets: 80% for training the algorithm and 20% for validation. To test the ability of the model to
generalize over new data, it is recommended to use 10-fold cross-validation, repeating it in the
training and testing phases on different subsets of the data. This approach is particularly important
for small datasets to avoid over-optimistic performance estimates. Code implementation is
illustrated in Appendix 4.
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5. Feature Selection Based on Predictive Relevance and development of the final model

Following correlation analysis, supervised machine learning-based feature selection should be
used to determine the most useful features for the classification task. Several algorithms can be
used for this reason, including Recursive Feature Elimination (RFE) with Random Forest,
eXtreme Gradient Boosting (XGBoost), and Support Vector Machines (SVM), among others.
These methods are especially useful in high-dimensional datasets, such as those used in radiomics,
because they make it easier to identify the features that contribute the most significantly to the
model's predictive performance. It is important to realize that not all algorithms are naturally
suited for multi-class classification tasks; thus, careful selection according to the characteristics
of the dataset and the classification target is required to guarantee methodological appropriateness
and model correctness.

Once the attributes have been selected, prediction models should be built using algorithms that fit
the data. In this case, the data required an algorithm that supports multi-class classification, so
CatBoost was chosen as the ideal algorithm for small datasets. Moreover, it is robust to overfit
due to the use of ordered boosting. To test the ability of the model to generalize over new data, it
is recommended to use 10-fold cross-validation, repeating it in the training and testing phases on
different subsets of the data. This approach is particularly important for small datasets to avoid
over-optimistic performance estimates. Examples are provided in Appendix 5.

6. Comprehensive Performance Evaluation

For both binary and multiclass classification problems, model evaluation should extend above the
use of confusion matrices alone. Receiver Operating Characteristic - Area Under the Curve (ROC-
AUC) is a popular and informative performance statistic. While ROC-AUC is commonly used
for binary classification, it can be extended for multiclass issues utilizing methodologies such as
the one-vs-rest (OVR) approach. In this context, macro-averaged AUC is widely used, which
computes the AUC for each class independently before averaging the results, treating all classes
equally, regardless of frequency. ROC-AUC measures the model's ability to discriminate between
classes, but it does not consider class imbalances or specific types of misclassifications. As a
result, it is critical to supplement it with other evaluation metrics generated from the confusion
matrix, such as recall, precision, and F1 score. Together, these measures provide a more thorough
images of the model's classification performance, especially when dealing with imbalanced data
or analyzing performance across numerous classes. Metric calculation examples are available in
Appendix 6.

7. Statistical Validation of Radiomics Features

Include statistical hypothesis testing to see if changes in radiomics correlate with outcomes. As
in this study, Kruskal-Wallis and Dunn post-hoc tests were employed to evaluate the delta
characteristics of the various treatment types and discover variations between groups. For binary
outcomes like survival status, the Mann-Whitney U test is appropriate for detecting significant
variations in delta features. To account for multiple testing errors, false discovery rate (FDR)
correction (e.g., Benjamini-Hochberg) should be applied to all tests. Code examples are shown in
Appendix 7.
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Appendices

Appendix 1. Correlation matrix

Correlation matrix of the original dataset:
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Correlation matrix, after elimination of redundant features by applying a correlation coefficient
threshold of 0.9.
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Appendix 2. Exploration of the dataset and Assessment and Correction of Target Variable

Imbalance.

The dataset was initially explored using common R functions. To remove variables with missing
values, the function data %>% select_if(~ all(!is.na(.))) was used. The structure and types of
variables were assessed using str(data). If the target variable or any other variable was incorrectly
classified (e.g., as integer instead of factor), the appropriate type conversion was performed using
factor(data$variable), as factors in R are used to represent categorical variables.

The distribution of the target variable was evaluated using the table(data$target variable) function.

To formally assess whether the target variable was balanced across classes, the Chi-Square Goodness-
of-Fit test was performed using chisg.test()
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In cases where the Chi-Square test indicated significant imbalance, the Synthetic Minority
Over-sampling Technique (SMOTE) was applied to generate synthetic examples for the minority
class, thereby improving class balance. The SMOTE function used was
SMOTE () where, K defines the number of nearest neighbors considered, and dup_size determines the
number of synthetic samples generated per minority sample.

The full code is available at the following link: https://github.com/blcugn3/Radiomics-workflow-for-
HNC/blob/main/Step _1%20Data%20exploration%20and%20investigation%200f%20distribution%
200f%20target%20variable.R

Appendix 3. Correlation Analysis for Redundancy Reduction

Correlation analysis was used to eliminate redundant variables and reduce multicollinearity in the
dataset. A correlation coefficient criterion of 0.9 was used, which indicated that pairs of variables
with a Spearman correlation greater than 0.9 were highly associated. The correlation matrix was
generated with the function cor().

To detect and remove highly correlated variables, the function findCorrelation() was used. This
method deliberately removes the fewest variables necessary to ensure that no pair of remaining
variables exceeds the given correlation threshold.

The full code is available at the following link: https://github.com/blcugn3/Radiomics-workflow-for-
HNC/blob/main/Step_2%20Correlation%20analysis.R

Appendix 4. Model Training and Cross-Validation Strategy

Before training, the dataset was divided into two subsets: 80% was utilized for model training, and
the remaining 20% was set aside for validation.

The small sample size in this study increased the chance of overfitting. To mitigate this and achieve
more stable model performance, k-fold cross-validation was used during the training process.

The full code is available at the following link: https://github.com/blcugn3/Radiomics-workflow-for-
HNC/blob/main/Step_3%20Data%20set%20separation.R

Appendix 5. Feature Selection Based on Predictive Relevance

Feature selection was done with two tree-based machine learning algorithms: Recursive Feature
Elimination with Random Forest (RFE-RF) and eXtreme Gradient Boosting (XGBoost). These
strategies were used to discover the most essential traits that help forecast the target variable.

Given the modest data size, 10-fold cross-validation was used during model training to provide robust
feature selection while minimizing overfitting. Cross-validation enabled a more trustworthy estimate
of model performance across diverse groups of data.

For RFE-RF: rfeControl(), rfe() functions were used.
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For XGBoost: trainControl(), train (..., method = "xgbTree™) were used.

In both cases, model performance was evaluated using cross-validation, and feature importance was
assessed based on the resulting trained models. The selection of hyperparameters for XGBoost (such
as max_depth, eta, and colsample_bytree) was guided by empirical tuning to balance model
complexity and performance.

The full code is available at the following link: https://github.com/blcugn3/Radiomics-workflow-for-
HNC/blob/main/Step_4%20Feature%20selection%20RFE-RF%20and%20XGBoost.R

Final model’s development:

In this study, a multiclass classification model was created using the CatBoost algorithm. CatBoost
is a gradient boosting framework known for its efficient handling of categorical features and strong
performance. To confirm the model's generalizability and reduce overfitting, 10-fold cross-validation
was used during the training procedure. The model was trained using the catboost.train() function,

The training dataset was encapsulated into a CatBoost Pool object, optimized for handling both
numerical and categorical data. The 10-fold cross-validation was implemented to evaluate the model's
performance across different subsets of the data, providing a robust assessment of its predictive
capabilities. This approach allowed for the effective modelling of complex relationships within the
data, leveraging CatBoost's capabilities to handle categorical variables and its robustness against
overfitting.

The full code is available at the following link: https://github.com/blcugn3/Radiomics-workflow-for-
HNC/blob/main/Step 6%20CatBo0ost%20for%20both%20binary%20and%20multi-
class%20classification.R

Appendix 6. Comprehensive Performance Evaluation

In this study, the performance of all machine learning algorithms was assessed using the most used
methodologies. The confusion matrix showed a detailed breakdown of model predictions, including
the number of correct and incorrect classifications for each class. This method is especially effective
at detecting specific types of misclassifications. Confusion matrix can be calculated by calling the
function confusionMatrix().

The Receiver Operating Characteristic (ROC) curve improved the diagnostic ability of the binary
classifier (in the multi-class scenario, macro-ROC was utilized) system as the discrimination
threshold was adjusted. The ROC curve in the binary case was calculated using the

roc() function, whereas in the multi-class scenario, more involved code was used, which is available
in the link below. The Area Under the Curve (AUC) measures the model's overall ability to
differentiate between classes. The function auc() was used in this case to compute AUC values for
both binary and multiclass scenarios. The MultiClassSummary() function was employed to calculate
the recall, F1, and precision scores in the multiclass example.
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The full code is available at the following link: https://github.com/blcugn3/Radiomics-workflow-for-
HNC/blob/main/Step 5%20Performance%20evaluation%20for%20both%20multi-
class%20and%20binary%20classification.R

Appendix 7. Statistical VValidation of Radiomics Features

A variety of nonparametric tests were used to determine the statistical significance of changes in delta
radiomic characteristics between clinical groups. These tests are designed specifically for data that
does not match normality assumptions.

The Mann-Whitney U Test, known as Wilcox rank sum test, was employed to compare the delta
radiomics properties of two independent groups. This test is only applicable for binary classification,
when the data is continuous and not regularly distributed. Function for this test - wilcox.test().

Kruskal-Wallis H test was used in the multi-class classification task, which involved analyzing more
than two independent groups. This test is designed for nonparametric data. It determines whether
there are statistically significant differences in medians across three or more groups. In R, it can be
used with the kruskal.test() function.

Dunn’s Post Hoc Test with Benjamini-Hochberg correction was employed after the Kruskal-Wallis
Test analysis, if it indicated significant differences. Then, Dunn’s test was conducted to identify
which specific groups differ from each other. To control false discovery rate due to multiple
comparisons, the Benjamini-Hochber procedure was applied to adjust the p-values. Function for this
analysis — dunnTest().

The full code is available at the following link: https://github.com/blcugn3/Radiomics-workflow-for-
HNC/blob/main/Step 7%20Statistical%20validation%20for%20both%20multi-
class%20and%20binary%20case.Ink
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